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Forests cover about 30 % of the Earth’s land surface. They are an important element of the
carbon and water cycle as they can act as both sinks and sources. As a result, they can influence
the local and global climate. At the same time, forests are an important economic factor as they
provide wood and food, and of high ecological importance as they provide habitat for numerous
plants and animals. Due to its importance, the mapping, inventory and assessment of forests and
their changes worldwide become a priority for scientists and governments, and is the motivation
for this thesis. In particular, the thesis focuses on the study of the three dimensional (3-D) forest
structure, as it is a key parameter of the forest ecosystem useful for many applications like biomass
estimation, plant biodiversity or forest management and productivity.
Since decades, the most common way to characterize forest structure has been the use of single-
tree information collected in situ. However, this type of measurement is typically limited to small
and accessible forest areas. Remote sensing techniques overcome these limitations allowing large
coverage and the collection of information without physical contact. Across the different remote
sensing techniques, synthetic aperture radars (SAR) play an essential role. They provide unique
ability to systematically image large areas at high spatial and temporal resolution, while at the
same time they allow penetrating into forest volumes (especially at low frequencies) providing
information about its 3-D structure.
SAR tomography (TomoSAR) uses multiple SAR acquisitions at slightly different positions to
reconstruct the 3-D radar reflectivity, by means of imaging techniques without the need of using
scattering models. However, the potential of TomoSAR configurations to extract 3-D structural
information with ecological meaning has not been fully assessed yet. In this context, the first goal
of this thesis is to establish a link between TomoSAR measurements and 3-D forest structure. In
this sense, a framework that allows the qualitative and quantitative characterization of the 3-D
forest structure from tomographic SAR profiles has been proposed. From the statistical distribution
of the local maxima of the TomoSAR profiles, two indices are proposed to describe the horizontal
density and the vertical complexity of a forest. This approach has been evaluated on a TomoSAR
L-band data set over a temperate forest in Germany, together with the structure obtained from
single-tree ground measurements and Lidar data. The results show a high correlation between the
structures derived from the three sources of data, which confirms the ecological significance of the
proposed method. Moreover, the same methodology has been used to demonstrate the ability of
TomoSAR profiles to detect and characterize structure changes of forest stands.
The second goal of the thesis is to evaluate different TomoSAR algorithms and configurations
with a focus on forest structure applications. Fourier beamforming, Capon beamforming and
compressive sensing have been analyzed with simulated and real TomoSAR data at L-band. The
results indicate that compressive sensing is the most appropriate one for the characterization of
forest structure as proposed in this thesis, but it has the drawback of introducing sometimes false
local maxima. Furthermore, it has been found that in tandem-like (bistatic) TomoSAR implementa-
tions the reconstruction of the profiles is robust to temporal changes of the scattering on a longer
time span, in contrast to repeat-pass (monostatic) implementations. Finally, the requirements of
TomoSAR acquisitions for distinguishing different structure types have been evaluated in terms of
vertical resolution, height of ambiguity and peak side-lobe level of the point spread function. The
results show that, for a limited number of images (5 to 7), a non-uniform distribution of the tracks
with low vertical resolution (10 to 15 m) is the best compromise to avoid higher values of the peak
to sidelobe level that would degrade the quality of the TomoSAR profiles and their interpretation.
The results of the thesis underline the potential of TomoSAR as a 3-D imaging tool for forest
structure applications and contribute to better understand the TomoSAR profiles. Moreover, they
open the door to further evaluate, investigate and exploit the enormous amount of TomoSAR data
that the two upcoming SAR missions (ESA’s BIOMASS and DLR’s Tandem-L) will provide over all
forests of the Earth.
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vKurzfassung
Wälder bedecken ungefähr 30 % der Landoberfläche der Erde. Sie sind ein bedeutendes Element
des Kohlenstoff- und Wasserkreislaufs da sie sowohl als Senken wie auch als Quellen agieren
können. Dadurch beeinflussen sie das lokale und globale Klima. Gleichzeitig sind Wälder ein
bedeutender Wirtschaftsfaktor, da sie Holz und Nahrung liefern, und von großer öcologischer
Bedeutung, da sie zahlreichen Pflanzen und Tieren Lebensraum bieten. Aufgrund ihrer Bedeutung
ist die Kartierung, Inventur und Erfassung des Zustands der Wälder und ihrer Veränderung
weltweit für Wissenschaftler und Regierungen zur Priorität geworden. Dies ist daher auch die
Motivation für diese Arbeit. Genauer gesagt, beschäftigt sich diese Arbeit mit der Erforschung der
dreidimensionalen (3-D) Struktur des Waldes, da dies ein wichtiger Parameter des Waldökosystems
ist und daher für viele Anwendungen, wie Biomasseschätzungen, Pflanzenbiodiversität- oder
Waldmanagement- und Produktivitätsschätzungen, nützlich ist.
Seit Jahrzehnten ist die gebräuchlichste Methode zur Charakterisierung der Waldstruktur die
Verwendung von individuellen Baummessungen, die vor Ort erhoben werden. Allerdings ist diese
Art der Messung üblicherweise auf kleine und gut erreichbare Waldbereiche limitiert. Ferner-
kundungsmethoden überwinden diese Einschränkungen und ermöglichen eine große räumliche
Abdeckung und das Erfassen von Informationen ohne physischen Kontakt. Unter den verschiede-
nen Fernerkundungstechniken spielen synthetische Apertur Radare (SAR) eine essentielle Rolle:
Sie ermöglichen auf einzigartige Weise die systematische Abbildung von großen Flächen mit hoher
räumlicher und zeitlicher Auflösung. Gleichzeitig können Mikrowellen in das Waldvolumen ein-
dringen (vor allem bei niedrigeren Frequenzen) und dadurch Informationen über die 3-D Struktur
erfassen. Das Verfahren der SAR Tomographie (TomoSAR) verwendet mehrere SAR Aufnahmen,
um die 3-D Radarrückstreuung zu messen. Dies geschieht durch Abbildungsverfahren die un-
abhängig von Streumodellen sind. Allerdings ist die Beziehung zwischen tomographischer 3D
Information und physikalischer 3-D Waldstruktur bis heute noch nicht etabliert. Das erste Ziel
dieser Arbeit ist, in diesem Zusammenhang eine Verbindung zwischen TomoSAR Messungen und
der physikalischen 3-D Waldstruktur herzustellen.
Dazu wurde ein Konzept vorgeschlagen, das es erlaubt aus tomographischen SAR Profilen die
3-D Waldstruktur qualitativ und quantitativ zu charakterisieren. Aus der statistischen Verteilung
der lokalen Maxima der TomoSAR Profile werden dabei zwei Indizes bestimmt, die die horizontale
Dichte und die vertikale Komplexität eines Bestandes beschreiben und ebenso aus der Vermessung
der einzelnen Bäume des Bestandes hergeleitet werden können. Das Konzept wurde mit L-band
TomoSAR Daten über einem Mischwald in Deutschland, für den auch individuelle Messungen aller
Bäume und Lidar Daten vorhanden sind, evaluiert. Die Ergebnisse zeigen eine hohe Korrelation
zwischen den drei Datenquellen, wodurch die ökologische Bedeutung der Methode bestätigt
wird. Zusätzlich wurde diese Methode genutzt, um die Erfassung und Charakterisierung von
Strukturänderungen mit TomoSAR zu demonstrieren.
Das zweite Ziel dieser Arbeit ist die Bewertung verschiedener TomoSAR Algorithmen und Kon-
figurationen mit Fokus auf Waldstrukturanwendungen. Dazu wurden die Fourier Strahlformung,
die Capon Strahlformung und Compressive Sensing mit simulierten und echten TomoSAR Daten
untersucht. Die Ergebnisse zeigen, dass Compressive Sensing am besten für die Charakterisierung
der Waldstruktur, anhand des in dieser Arbeit vorgestellten Ansatzes, geeignet ist. Allerdings hat
es den Nachteil, dass zum Teil falsche lokale Maxima in den L-Band TomoSAR Profilen auftreten.
Darüber hinaus wurde gezeigt, dass die Rekonstruktion der Profile bei Tandem-artigen (bista-
tischen) TomoSAR Konstellationen über einen längeren Zeitraum, robust gegenüber zeitlichen
Veränderungen der Streuer ist, wie im Falle von (monostatischen) Repeat-Pass Konstellationen.
Abschließend wurden die Anforderungen an TomoSAR Daten zur Unterscheidung verschiede-
ner Strukturtypen in Bezug auf vertikale Auflösung, Mehrdeutigkeitshöhe und dem Haupt- zu
Nebenkeulenverhaltnis der Punktverteilungsfunktion untersucht. Dies hat gezeigt, dass für eine
begrenzte Anzahl an Aufnahmen (Fünf bis Sieben) in einem realistischen TomoSAR Szenario, eine
vi
ungleichmäßige Verteilung der Flugbahnen, mit einer niedrigen vertikalen Auflösung (10 bis 15 m),
der beste Kompromiss ist, um höhere Werte des Haupt- zu Nebenkeulenverhaltnis zu vermeiden,
die die Qualität der TomoSAR Profile und deren Interpretation verschlechtern würden.
Die Ergebnisse dieser Arbeit zeigen das Potential von 3-D tomographischen SAR Abbildungs-
verfahren für Waldstrukturanwendungen und tragen zu einem besseren Verständnis des Informa-
tionsgehalts von TomoSAR Profilen bei. Desweiteren tragen sie dazu bei, die enorme Menge an
TomoSAR Daten zu verwerten, die zukünftige SAR Missionen (BIOMASS der ESA und Tandem-L
des DLR) von den Wäldern der Erde liefern werden.
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This section acts as a starting point of the thesis manuscript. First, in Section 1.1, a general
motivation for this work with an emphasis on the importance of forests and more specifically of
forest structure and its changes is presented. Then, Section 1.2 provides an overview of the state-of-
the-art techniques for forest structure estimation from ground measurements and remote sensing
systems (optical, Lidar and Synthetic Aperture Radar (SAR)). Since of particular of interest of this
thesis, Section 1.2.4 describes with more detail the current SAR and especially SAR tomographic
techniques with a focus on their ability to extract forest structure information. Section 1.3 reports
the research questions and open challenges addressed by the thesis, and finally, Section 1.4 explains
the organization of the different parts of the present manuscript.
1.1 Motivation
Forests cover around 30 % of the total land surface of the Earth, and they are one of the most
important ecosystems. They are the habitat of a significant amount of vegetation and animal
species, they provide key primary resources like wood and food, and they act as a storage of carbon
and water. They have a big impact on the local and global climate and protect the erosion of the
ground [1]. Climate change is tightly related to forests and their role in the carbon cycle through
the biomass. The biomass is the total quantity or weight of organisms in a given area of the forest,
is a measure of the forest productivity (for example wood production) and it is related with the
amount of carbon that the forest is able to store. Therefore, the degradation and deforestation of
forests have a direct connection with the amount of carbon in the atmosphere and as a consequence
on the global warming of the Earth [2]. With this, the understanding and monitoring of forest state
and dynamics have critical importance for the scientific community [3]–[7].
Among all possible forest information that can be obtained to characterize and understand the
forest ecosystem, their structure is a key element [8]. In forestry, it is commonly understood that
the forest structure should express and describe the arrangement of trees and vegetation elements
in a three-dimensional (3-D) space [9]. Forest structure is an indicator of forest successional stage
and development as well as sustainability and habitability, and is therefore an important parameter
for assessing more accurately the estimation of forest aboveground biomass (AGB) [10], forest
productivity [11], carbon fluxes [12] and biodiversity [13]. Structure changes can be even more
important than absolute structure measurements when it comes to forest dynamics and seasonal
processes. For example, logging and degradation of forests due to natural or human disturbances
can be detected from forest structure before the forest height is affected.
Since decades, the 3-D forest structure has been characterized at local scales by means of ground
measurements composed by individual tree parameters [14]–[16]. These types of measurements
2 Chapter 1. Introduction
allow a very detailed description of the 3-D structure of the forest; however, they are limited in terms
of spatial coverage and frequency of new measurements over the same area. Therefore, remote
sensing systems and techniques are increasingly playing a crucial role in forest observations. By
using passive or active system mounted on a space borne platform orbiting around the Earth, forest
information at global scale can be obtained with high spatial and temporal resolution. However, in
contrast to the individual tree ground measurements, actual space borne configurations are not able,
in terms of spatial resolution, to distinguish single trees. Not only, but the specific sensor sensitivity
and measurements lead to different sources of information. For instance, optic sensors [17] provide
high-resolution two dimensional (2-D) images by collecting the solar radiation from the forest
surface, Light Imaging Detection and Ranging (Lidar) sensors [18] provide information about the
height and position of the physical elements and SAR [19], [20] gives information not only about
the physical structure of the elements, but also about the dielectric properties.
Among all of them, SAR systems can acquire data independently of the day and night cycle, as
well as of the presence of clouds. Taking into account that the cloud coverage in some essential
forest areas, such as the tropics, is more than 80 % of the time [21], the cloud penetration capability
is a powerful (and unique) tool of SAR systems for forest applications. More importantly, the ability
of electromagnetic waves to penetrate (especially at low frequencies) into forest volumes, together
with advanced radar techniques like SAR tomography (TomoSAR) [22]–[26] enables 3-D imaging
capabilities that can potentially be used to extract 3-D forest structure. The increasing interest in
using TomoSAR for forest application is reflected in the acquisition configurations and the related
forest products of the ESA BIOMASS [27], [28] (at P-band) and the DLR Tandem-L [29] (at L-band)
missions.
However, the 3-D image is a 3-D reflectivity, i.e. distribution of backscattering power. The
interpretation of such electromagnetic quantity in terms of bio-physical parameters, like forest
structure, is not established yet. The lack of this transition from TomoSAR to forest structure
information motivates this thesis work. In this context, the thesis is conceptually divided into two
main parts. The first part attempts to build up a link between the 3-D TomoSAR reflectivity and
3-D forest structure and its changes through qualitative and quantitative measurements. In the
second part, TomoSAR algorithms and configurations are compared in order to obtain reflectivity
estimates appropriate for forest structure applications.
1.2 Forest Structure Characterization
A proper quantification of 3-D forest structure is not a straightforward operation. Even for ground
measurements, with single-tree information, there is not a unique way to quantify forest structure,
and many parameters (or indices) have been proposed. For remote sensing techniques, where in
general single-tree information is not available anymore, the specific sensor measurements, resolu-
tions and acquisition configuration make the transition from remote sensing data to (conventional)
physical structure measurements and indices very difficult. In the next Sections 1.2.1, 1.2.2, 1.2.3
and 1.2.4, a brief overview of the state-of-the-art for the estimation of forest structure and forest
parameters from different sources of data is given.
1.2.1 Ground Measurements
Since the beginning of forestry studies, the only way to study and analyse the distribution of the
trees in a forest was through measurements collected in situ [30]. Ground measurements have been
collected since decades, and they are still today a primary and excellent source of forest information
due to the level of detail, as well as the potential availability of long-term data. Individual tree
parameters such as the position, species, diameter at breast height (DBH) (diameter of the trunk
at 1.3 m above the ground) and (top) height of trees are measured and collected into the so-called
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forest inventories [14]–[16]. More recently, ground remote sensing techniques like terrestrial laser
scanning have been used to help and improve the acquisition of individual tree parameters in the
surroundings of the measurement location [31]–[35].
Despite a detailed individual tree information is available, the quantitative description of forest
structure is not straightforward [36]. Indeed, there is not yet an overall and unequivocal measure or
descriptor able to express and quantify forest structure in terms of forestry and ecology appropriate
for a variety of applications, scales and forest types [37]–[39]. However, there is a common
understanding in forestry that more than one index need to be considered to unambiguously
characterize the structural heterogeneity, in the horizontal and vertical dimensions, of the forest.
In the framework of this thesis, the quantification of 3-D forest structure is performed by means
of horizontal and vertical structure indices. Figure 1.1 shows a representation of such a concept,
where two indices describe the horizontal and vertical variability of the trees in the corresponding
directions.
FIGURE 1.1: The horizontal and vertical structure plane proposed and used in Chapters 2, 3 for the
classification of 3-D forest structure and its changes.
In the absence of a general defintion of forest structure, different approaches have been followed
to derive such horizaontal and vertical structure indices [11]. One way to express the horizontal
structure is the stand density index [40], based on the DBH of the trees and the number of tree
stems per area unit. Regarding the vertical structure, the variability of the tree size (calculated again
in terms of DBH) is accepted as an adequate measurement. It is important to keep in mind that the
coverage and the spatial and temporal continuity of ground measurements (for the estimation of
the mentioned indices) play a crucial role for a proper forest structure characterization.
Figure 1.2 shows an example of a forest inventory plot covering an area of 25 hectares in
Traunstein in the south-eastern part of Germany [41], where species, position and DBH of each tree
have been recorded. Figure 1.2(a) shows an optical image of the site and Figure 1.2(b) the positions
of each tree with a DBH greater than 5 cm represented with black dots. In the yellow area, all trees
with a DBH greater than 1 cm have been also measured, which gives a total amount of more than
16000 trees. Such continuous and extended ground measurements allow a detailed characterization
of forest structure, in terms of horizontal and vertical indices (see Chapter 2).
However, the characterization of forest structure employing ground measurements present
spatial and temporal limitations. Continuous measurement of all trees can not be achieved in large
areas due to cost, in terms of money as well as human effort. One way to extend the coverage is
to establish a network of sparse field inventory plots at local scales (< 1 hectare). However, the
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ability of these measurements to represent the surrounding landscape depends on the possibility
to extrapolate any structural metric in-between the sparse field inventories. Another limitation
is the difficulty to access forest stands in remote (or dangerous) areas. Finally, the cost of such
measurements limits also the possibility to establish a temporal continuity of inventories. As
a consequence, the monitoring of forest changes with ground measurements is limited to large
temporal scales and/or small areas.
FIGURE 1.2: Individual tree measurements over the area of Traunstein (Germany) highlighted by a red
rectangle in Figure 1.3. (a) Optical image of the area and tree species composition by the number of
stems. (b) Positions of each tree with a DBH > 5 cm represented by black dots, in the yellow area also
the trees with a DBH > 1 cm have been measured. These data have been used in Chapter 2.
1.2.2 Optical Remote Sensing
Optical imaging sensors collect the reflected solar radiation on the Earth (i.e. passive sensors)
in a number of spectral bands in the nano-meters range, from the near-ultraviolet until the far-
infrared, depending on the specific sensor used [17]. Optical sensors have been predominant
in forest remote sensing since decades due to their relative ease processing, interpretation and
continuity of observations since the 1970s [42]. Many forest applications have been developed from
optical sensors such as forest/non-forest mapping, forest disturbances monitoring, classification,
estimation of biomass, forest phenology or estimation of forest indices like the leaf area index
or the normalised difference vegetation index [43], [44]. Aerial photographs are maybe the most
commonly used remote sensing product in forestry at a local scales. The high spatial resolution (in
the order of a few cms) allows the extraction of information even at single-tree level. Space borne
optical sensors increase the coverage at the cost of a reduction of resolution. An additional problem
for space borne optical sensors is the cloud coverage, which limits the availability of the data for
vast Earth regions and/or long time periods. This is a critical aspect for forest global mapping. For
instance, forest regions located in the tropics have an annual cloud coverage of around 80 % of the
time [21].
Figure 1.3 shows a crop of an image acquired by the ESA Sentinel-2 satellite (total swath width
of 290 km), over the area of Traunstein in the south-eastern part of Germany that contains the two
forest test sites (highlighted by red and blue rectangles respectively) used along the thesis. The
site in the red rectangle corresponds to the ground measurement in Figure 1.2. Figure 1.4 shows a
high-resolution image from an airborne system over the area in the blue rectangle in Figure 1.3.
The reduced coverage in Figure 1.4 goes in favour of an increase in resolution, that allows even to
recognize individual trees and different types of forests. This difference in resolution is apparent in
Figures 1.4 (b) and (c), where a zoom over a small area is compared.
A single optical image gives no access to the vertical dimension, therefore optical sensors are
very limited in the extraction of 3-D information. With reference to Figure 1.1, the analysis of top
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canopy texture can be used to determine the horizontal structure [45], [46]. The vertical structure is
much more difficult to be determined as the forest below the top canopy cover is not reachable.
More recently, photogrammetric techniques have been applied to stereoscopic acquisitions in
an attempt to extract digital surface models [47] and 3-D point clouds [48], that can be used to
characterize the 3-D structure. The applicability of these advanced techniques is limited to very
high resolution images from airborne systems that only can cover small regions and in forests
where gaps between the trees are expected.
FIGURE 1.3: ESA Sentinel-2 RGB (R=Band 4, G=Band 3, B=Band 2) composite image over the area
of Traunstein, Germany (47◦52’N 12◦38’E) on 28th June 2019. The image covers an area of around 15
by 18 kilometres with a resolution of 10 by 10 meters. The red rectangle highlights the forest area of
Figure 1.2, as well as the area used in Chapters 2 and 5. The blue rectangle highlights the forest area
used in Chapters 3 and 4.
FIGURE 1.4: (a) High-resolution (20 by 20 centimetres) optical image acquired in 2015 with an airborne
system over the area highlighted by a blue rectangle in Figure 1.3. (b) and (c) show a zoom over the
purple rectangle for the aerial and the Sentinel-2 image, respectively.
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1.2.3 Lidar Remote Sensing
Light Detection and Ranging (Lidar) sensors are active configurations that send a laser pulse in the
µm range of the electromagnetic spectrum in nadir-looking geometry [18], [49], [50]. The pulse is
reflected by the vegetation elements back to the sensor, which records their amplitude as a function
of the time. The time a pulse takes after being transmitted to return to the sensor depends on
the range and the scattering properties of intercepted objects within the illuminated part of the
scene (i.e., the footprint), and the actual atmospheric conditions. Lidar instruments used in forestry
are categorized based on how the vertical distribution of the light energy (i.e. the waveform) is
received and recorded. There are two types of Lidar systems:
1. Discrete return Lidar systems record only individual (discrete) peaks (time-stamped ranges
triggered real-time) of the waveform. They identify peaks and record a point at each peak
location in the energy curve. A discrete system may record 1 to 4 returns from each laser
pulse [51].
2. Full-waveform Lidar systems record the distribution of transmitted and returned light energy.
Accordingly, (full) waveform Lidar data contain more information compared to discrete
return Lidar systems [52].
Discrete return Lidar operates with small footprints (from 0.1 to 2 m) for fine topographic
mapping and forest structure characterization through the position of each of the returns, that
correspond to the different physical elements (leaves, branches, trunks, ground) of the forest.
However, they achieve low coverage from airborne or drone systems [53]. Large footprint waveform
Lidars have several advantages over small footprint ones for vegetation mapping. First, a footprint
on ground of 10-25 m has a higher probability to contain ground and trees at the same time. Second,
larger footprints can cover wider areas at a lower cost. These two features are of crucial importance
for space borne Lidar configurations. Examples of current Lidar waveform systems from space
are the IceSAT-2 [54] (not optimized for forest applications) and the NASA’s Global Ecosystem
Dynamics Investigation (GEDI) mission [55], [56] with the primary goal of study the forests. In the
GEDI mission, a full waveform large footprint (25 m) is deployed in the international space station
to obtain a near-global measurement of the Earth. However, the footprints are separated by 60 m
along-track and 500 m across-track [57], i.e. it produces a spatially sparse set of measurements.
This sparsity limits also the capabilities of Lidar sensors for monitoring changes in time, due to the
low probability that a footprint samples the same area on ground more than once. Moreover, as
well as in the optical sensors, the cloud coverage is a limitation for the Lidar systems for global
Earth forest mapping.
Lidar (both from discrete return and full-waveform) is nowadays a remote sensing system
widely used in the forestry community to extract 3-D forest structure and canopy heights. This
is due to the direct availability of the waveform (or its discrete returns) as a proxy to the vertical
distribution of the vegetation elements intercepted by the laser pulse within the footprint [58]–
[60]. The projected area of canopy/background materials is often expressed as the canopy gap
probability, which is a parameter that is fundamental to link Lidar measurements, vertical and
horizontal canopy structure, and the radiation regime of a plant canopy [61], [62]. Moreover, from
the full-waveform Lidar, parameters such as ground topography and relative height (RH) metrics
can be extracted. The RH metrics express the height interval in which a certain percentage of energy
is received above the noise level and with respect to the ground height. RH metrics have been
largely used to estimate biomass and to describe the canopy vertical structure [63]. Potentials and
challenges of the different Lidar configurations, metrics and Lidar-based parameters for mapping
3-D forest structure are nowadays well established and widely understood [59], [60], [64]–[67].
Figure 1.5 shows examples of point clouds acquired from an airborne discrete return Lidar
over a forest area in Traunstein, Germany (red rectangle in Figure 1.3). Each point in Figure 1.5
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corresponds to a return from a physical element on the scene. Figure 1.6 shows a map of the
top canopy height extracted from the Lidar point clouds, where the black polygon represents the
ground measurements area from Figure 1.2.
FIGURE 1.5: Lidar point clouds from an airborne discrete return Lidar over the red rectangle in Figure 1.3.
FIGURE 1.6: Forest height extracted from the Lidar point clouds over the red rectangle in Figure 1.3.
The black polygon corresponds to the area of ground measurements from Figure 1.2.
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1.2.4 SAR Remote Sensing
Synthetic Aperture Radars (SAR) are active remote sensing configurations operating in the mi-
crowave regions of the electromagnetic spectrum [19]. A SAR acquisition is based on the use of a
radar [68] on a moving platform [20], [69], [70]. Each radar pulse is transmitted in side-looking
geometry, interacts with the Earth surface and afterwards, it is scattered back to the sensor and
collected on a different position due to the movement of the radar. Taking into account the Doppler
effects, the received signals (raw data) are coherently combined to build a virtual antenna, which
is much longer than the physical one. This allows the generation of two dimensional (2-D) high-
resolution single look complex (SLC) images in range (parallel to the line of sight) and azimuth
(parallel to the moving platform direction) of the radar reflectivity of the scene. For the range
direction, the resolution depends on the bandwidth of the transmitted signal, while for the azimuth
direction depends only on the physical size of the antenna for a SAR with a fixed antenna pointing
(stripmap mode).
The radar reflectivity measured in each pixel of the SLC image is a complex number in which
the amplitude and the phase depend on the dielectric properties of the scatterers as well as their
3-D geometric distribution within the antenna footprint. Moreover, the side-looking geometry of
the SAR system introduces a distortion on the spatial scaling of the scene in ground from near to far
range, as well as effects such as foreshortening, layover and shadowing that have to be considered
in the interpretation of the images. An example of the magnitude of a SLC SAR image over a
forest area is given in Figure 1.7. Lighter values indicate higher levels of backscattered energy, dark
values indicate that most of the energy is scattered away from the radar.
SAR signals can penetrate through the clouds or rain, and they are independent of the day/night
cycle. These properties, open the door even to potential near-real-time applications with availability
of data for continuous global Earth monitoring without cloud coverage problems. Moreover, SAR
systems can acquire high-resolution images (between 1 to 10 m on ground) from space with wide
swaths (30 to 500 km), continuous collection of data (in contrast to Lidar from space), and revisit
times typically between one and two weeks. Radar waves can penetrate even in dense forests
depending on the frequency used. While higher frequencies, like K or X-band, are backscattered by
the upper part of the forest, lower frequencies such as L or P-band penetrate and interact with the
canopy elements and the ground before coming back to the sensor.
The use of SAR for forest application at a global scale is not as wide and established as for
optical or Lidar systems, mainly due to the lack of systematic acquisition plans of past and present
space borne SAR platforms for continuous forest mapping [42].
However, due to its unique characteristics plus the use of additional techniques such as SAR
polarimetry [71] (see Section 1.2.4.1), SAR interferometry [72] (see Section 1.2.4.2) and SAR to-
mography [22] (see Section 1.2.4.3), the interest of using radar for forest applications is rapidly
increasing. Some examples of forest applications are the forest-non-forest mapping [73], forest
classification [74] and the estimation of forest-related products as stem volume [75], Biomass [76],
canopy density [77] or forest height [78].
Although the complex reflectivity of a SAR image depends on the interaction between the
3-D distribution of scatterers and the transmitted wave, a single SAR image (Figure 1.7) does not
allow the direct estimation of 3-D forest structure. This is a direct consequence of the side-looking
observation geometry, that projects the 3-D scattering distribution onto the 2-D range-azimuth
plane.
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FIGURE 1.7: Amplitude of a SLC SAR image (HH channel) in range-azimuth coordinates over the red
rectangle in Figure 1.3 acquired at L-band in May 2017 with the DLR’s F-SAR airborne system. The
image size is 900 pixels in range (3 m pixel spacing) and 1300 pixels in azimuth (3.2 m pixel spacing).
The resolution is 12 m in range and 9.6 m in azimuth (after a spatial averaging of 2 looks in range and 2
looks in azimuth).
1.2.4.1 SAR Polarimetry
A way to increase the observation space within one SAR acquisition and to get more information
about the scene is to use polarimetry, which exploits the vector properties of the transmitted
electromagnetic wave. The main idea of SAR Polarimetry (Pol-SAR) [71], [79] is to transmit the
signal using two orthogonal polarizations of the electromagnetic field (i.e. horizontal and vertical).
This allows discriminating between different scattering mechanisms (e.g. dihedral, volume or
surface scattering) inside one resolution cell, due to the sensitivity to shape, orientation and
dielectric properties of the scattering elements in the scene.
A (full) polarimetric SAR system transmits and receives the pulses in two orthogonal polariza-
tions (e.g. horizontal (H) and vertical (V) directions of the electric field). If all possible combinations
are measured (Horizontal received - Horizontal transmitted (HH), Horizontal received - Vertical
transmitted (HV), Vertical received - Horizontal transmitted (VH) and Vertical received - Vertical
transmitted (VV)), any transmit-receive polarization can be synthesized. With this, every pixel
in range-azimuth for a Pol-SAR image is composed of four complex values with its amplitude
and phase. It means that, instead of having just a 2-D image to represent the scene, there are four
images. In the (most usual) case of backscattering and reciprocal target, this number is reduced to
three images representing all possible polarizations.
In Figure 1.8 an example of an RGB (R=HH, G=HV+VH, B=VV) composite Pol-SAR image
is given. The comparison of this Pol-SAR image with the classical single-channel SAR image in
Figure 1.7 shows the potential of Pol-SAR to better distinguish the different areas (forest, field,
ground) and to see more features such as the different orientation of the elements in the scene.
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SAR polarimetry is used to extract information in many applications like classification [80],
urban [81], land [82], snow and ice [83] or soil moisture [84], [85]. In the particular case of the
forestry domain, the different interaction with forest volumes of the different channels makes
polarimetry a tool to be considered for forest mapping and classification. For example, model-
based decompositions can be used to differentiate between different scattering mechanism in the
forest [86]. However, scattering model inversions are limited due to the low number of available
parameters, that limits the complexity of the model.
Regarding the characterization of the complete 3-D forest structure, more polarizations do not
remove the limit of classical SAR images with one polarization, i.e. the sensitivity to the third
dimension (vertical). Therefore, the use of Pol-SAR alone is not sufficient to accurately describe the
different elements in the 3-D space and more advanced techniques need to be considered.
FIGURE 1.8: Polarimetric RGB (R=HH, G=HV+VH, B=VV) composite image in range-azimuth coor-
dinates over the red rectangle in Figure 1.3 acquired at L-band in May 2017 with the DLR’s F-SAR
airborne system. It covers the same area as in Figure 1.7. The black line corresponds to the area used in
Figure 1.10.
1.2.4.2 Polarimetric SAR Interferometry
Synthetic Aperture Radar Interferometry (InSAR) recovers the sensitivity to the vertical dimension
by using the phase information of two SAR images from slightly different positions (angular
diversity). Indeed, the phase of a SAR image depends on the distance between the sensor and each
scatterer on the scene. If the two images are acquired with different view geometries (either with the
same sensor at different times or using two sensors simultaneously), they can be used to extract the
height of the scatterers on the ground. To do so, first, a co-registration of both images has to be done,
in order to align the positions of the samples of both acquisitions. Then, one image is multiplied by
the complex conjugate of the other to get the so-called complex interferometric coherence. This
value is the main parameter used in InSAR: the coherence phase contains information about the
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topography, and the coherence magnitude indicates the correlation between the two images [72],
[87].
InSAR finds a direct application in the generation of Digital Elevation Models (DEMs) to get
the surface topography [88]. In the specific case of forest applications with InSAR, the amplitude of
the interferometric coherence can be used for example to identify forest (or non-forest) areas [73] or
modelling the deforestation and forest growth [89]. Forest structure-related applications [90]–[93]
have been developed starting from the Fourier relationship between InSAR coherences and the
vertical radar reflectivity function (see equation 4.2 in Chapter 4), that depends on the frequency, po-
larization, incidence angle, and the 3-D distribution of the scatterers and their dielectric properties.
Thus, the InSAR phase in forest scenarios is related to the height of the center of mass of the vertical
reflectivity function. Scattering models can be used to enable the interpretation of the InSAR
coherences in terms of structure, like e.g. the interferometric water cloud model. However, the still
small InSAR observation space limits the number of parameters defining the model. One way to
overcome this limitation is either to include external information or to increase the observation
space. In the latter case, one can acquire interferometric pairs in different polarization channels.
Polarimetric SAR interferometry (Pol-InSAR) combines the potential of radar polarimetry to sep-
arate different scattering mechanisms together with the vertical capabilities of interferometry [94],
[95]. Pol-InSAR is a well-understood technique used in many applications like classification [96],
change detection and especially for the estimation of structural parameters of volumes as in vegeta-
tion crops [97], [98], snow [99] and forest [78], [100]. In the case of forest application, Pol-InSAR
overcomes the uncertainty of the forest height estimates (obtained by the interferometric technique)
by using the different penetrations into the forest volume of each polarimetric channel together
with data models [101].
The use of Pol-InSAR techniques to estimate forest height has been successfully applied in many
sites from airborne [102] as well as space borne data [103]. Moreover, further forest applications,
such as Biomass [104] or stem volume estimation [105], have been demonstrated the potential of
Pol-InSAR. An example of forest height over the same forest area as Figure 1.6 obtained using
Pol-InSAR techniques is given in Figure 1.9. Beyond being an essential forest parameter, forest
height alone can be used to characterize the horizontal structure, but it cannot lead to unambiguous
estimates of vertical structure, as it represents only the variability of the tree (top) canopy layer.
FIGURE 1.9: Estimated forest height using Pol-InSAR techniques at 20 by 20 m resolution over the area
within a red rectangle in Figure 1.3 as well as in Figures 1.6, 1.7 and 1.8.
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1.2.4.3 SAR Tomography
In order to overcome the limitations of Pol-InSAR techniques and to describe the forest in 3-D,
multiple SAR images can be coherently combined to generate a 3-D radar image by inverting the
relationship between InSAR coherences and vertical reflectivity profiles. The images have to be
acquired from a slightly different track/orbit in order to exploit the concept of synthetic aperture
not only on the flight direction, but also in the elevation direction. This concept is known as SAR
Tomography [22]–[25] (TomoSAR) and it allows obtaining a 3-D image (range, azimuth and height)
of a volumetric media.
SAR tomography is used in urban scenarios for the determination of multiple scatterers in order
to resolve layover areas of classical 2-D SAR or to improve the retrieval of deformation velocities
due to the denser measurements, better accuracy and more coverage of the result [106]–[108]. For
forestry application at low frequency (e.g. L- or P-band), TomoSAR vertical reflectivity profiles are
a proxy to the vertical structure of the vegetation volume, which opens the door to a large number
of applications than only forest height [100], for example a better (than Pol-InSAR) estimation of
volume and ground contributions [109], vegetation structure parameters [110], [111], biomass [112],
ground topography [113] or the detection of objects below the forest [114]. Excellent examples
of the potential of SAR Tomography (as well as radar in general) for forestry applications are
tower-ground based experiments [115], [116], where data is collected continuously to see, not only
the structure of the forest, but also its behaviour over different weather and seasonal conditions.
The first important and critical aspect of a TomoSAR inversion is the number of images to be
combined. In general, the larger the number of images, the better the reconstruction of the scene
that can be achieved. However, the number of images is usually very limited in a TomoSAR data
set, due to temporal and/or navigation/orbital constraints. In particular, temporal decorrelation
does not allow to use multiple images with significant temporal differences. Not only the number
of images is a critical aspect for TomoSAR, but also the choice of an acquisition geometry (i.e. the
track displacements) affects the quality of the reconstructed profiles. The achievable resolution in
the elevation direction is related to the maximum separation between the different acquisitions,
while the minimum separation gives the height at which the radar ambiguities appear.
The limited number of SAR images (in a realistic scenario) makes SAR tomography a highly
undetermined problem, which does not have a unique solution. Multiple algorithms, classified
as model, non-model or hybrid, can be applied. Fourier [117] and Capon [118] beamforming are
considered as non-model or model-free since no assumption (or model) about the data is taken
into account. The second group of algorithms simplify the interpretation of the result by using
a statistical description of the received signal, scattering mechanisms (point scatters, volumes
or double-bounce reflection) or a model that describes the scene [119]–[124]. Between the two
mentioned type of algorithms, there are the hybrid ones. Although they do not assume any model,
they introduce some constraints such as the sparsity of the data. An example of these algorithms are
the approaches based on Compressive Sensing (CS) [106], [125]–[128] and iterative techniques [129],
[130] that try to maximize the achieved vertical resolution.
However, although their capabilities have been demonstrated in a number of airborne ex-
periments, the role played by the different algorithms in the interpretation of the data for forest
volumes, in terms of forest structure, is still an open issue. TomoSAR profiles have only radar reflec-
tivity information. In other words, the reflectivity profiles need to be further interpreted to extract
physical forest information. However, the interpretation of the TomoSAR profiles is challenging
due to their additional dependency on the frequency used [131], [132], the dielectric properties of
the forest [133], the TomoSAR configuration as well as on the TomoSAR algorithm itself. Some
works have been demonstrated the potential of SAR tomography to derive crop parameters [111],
forestry-related information such as biomass [10], [134], [135] or forest structure information on the
3-D space [109], [110], [124]. However, these studies are focused on the radar reflectivity instead of
the ecological forest structure information. Therefore, the ecological interpretation of TomoSAR
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profiles is not straightforward, it is still at an earlier stage for forest applications, and there is no an
established quantitative link between TomoSAR profiles and a general 3-D forest structure product
able to describe the 3-D distribution of trees.
Figure 1.10 shows radar reflectivity profiles, in the azimuth-height plane, over the black line
in Figure 1.8 for three different tomographic algorithms, namely Fourier beamforming (a), Capon
beamforming (b) and compressive sensing (c). As a visual comparison, in Figure 1.10 (d) a profile
over the same area obtained using discrete return Lidar is shown. Figures 1.10 (a), (b) and (c)
represent the normalized radar reflectivity of the different scattering elements in the elevation
direction for each range-azimuth sample. The results show first, the nice agreement with the Lidar
data and second, the different results obtained for each of the algorithms. Fourier and Capon
beamforming approaches provide similar results with a smoothing characteristic of the profiles
and an increase of the resolution in Capon compared to Fourier. On the contrary, compressive
sensing gives sparse profiles with an increase of the resolution respect to Capon, but it introduces
false additional local maxima.
FIGURE 1.10: Radar reflectivity for the HV channel at L-band from (a) Fourier beamforming, (b) Capon
beamforming and (c) compressive sensing tomographic algorithms. Each azimuth sample has a pixel
spacing of 0.8 m and it is normalised in height by itself, i.e. for each azimuth sample there is a maximum
power equal to 1. (d) Lidar point clouds over the same area, red values indicate high density and blue
values low density of Lidar returns. The area corresponds to the black line in Figure 1.8.
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1.3 Research Goals
After identifying in Section 1.2, the actual state-of-the-art and open challenges in the estimation
of 3-D forest structure from ground measurement and SAR remote sensing, two main research
questions arise in this context that define the objectives of this thesis:
• Is it possible to characterize physical forest structure and monitor its changes from To-
moSAR data?
• Which are the appropriate TomoSAR algorithms and acquisition configurations for forest
structure applications?
These two questions divide the whole work conceptually into two parts. In the first part,
which includes Chapters 2, 3, the qualitative and quantitative estimation of forest structure and
the observation of its changes from ground measurements, Lidar and TomoSAR profiles has been
addressed. In the second part, which includes Chapters 4 and 5, tomographic algorithms and sys-
tem configurations for forest structure applications have been analyzed. The two general research
questions have been divided into more specific ones that have been addressed within the thesis:
Specific research questions related to forest structure estimation from TomoSAR profiles:
• In which way 3-D forest structure can be quantified from TomoSAR profiles?
• How does the forest structure derived from inventory data (i.e ground measurements) is
related to the structures derived from Lidar and TomoSAR measurements?
• Is it possible to monitor forest structure changes with TomoSAR? Are these changes the
same as the ones seen by Lidar, optical images or ground measurements?
Specific research questions related to TomoSAR algorithms and configurations:
• Which are the strengths and weaknesses of the most common tomographic algorithms for
imaging forest volumes?
• How do different TomoSAR implementations from space (single-pass such as DLR’s
Tandem-L mission vs repeat-pass such as ESA BIOMASS mission) affect the TomoSAR
profiles?
• How does the configuration (i.e. number and distribution of tracks) of a TomoSAR acqui-
sition affect the 3-D radar reflectivity estimates and the discrimination among different
forest structures?
All of the previous research questions have been addressed in the four peer-reviewed publica-
tions that are presented in Chapters 2 and 3 mainly for the forest structure part and in Chapters 4
and 5 regarding the TomoSAR part. Additionally, in two more peer-reviewed publications pre-
sented in the Appendices A and B, research questions related to the forest structure and the relation
of TomoSAR with Lidar data have been also treated.
1.4 Organization of the Thesis
The thesis is organized by chapters that can be read and understood separately. After the abstract
and this introduction, the following Chapters 2, 3, 4 and 5 are peer-reviewed journal publications,
that are presented without any modification. Only one page as a small introduction at the beginning
of each chapter with the key findings/points and the specific contributions of the author and co-
authors is included. Therefore, each of these chapters can be understood independently of the
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others; they contain its own abstract, introduction, methods, results and conclusions that covers
the previously mentioned research questions.
In Chapter 2 the horizontal-vertical structure framework for the qualitative and quantitative
characterization of forest structure is proposed and applied to single-tree ground measurements,
Lidar and TomoSAR L-band data. Chapter 3 shows an application example of this forest structure
concept. TomoSAR vertical profiles from both simulated and real data (at L-band), over a temperate
forest in Germany, are used to differentiate growth stages and detect and characterize forest
structure changes. In Chapter 4 an in-depth comparison of three TomoSAR algorithms (Fourier
beamforming, Capon beamforming and compressive sensing) using simulated as well as real (at
L-band) data, is carried out. Moreover, the temporal decorrelation effects on two space borne
tomographic implementation (repeat-pass and tandem-like) are addressed. Chapter 5 discusses
the implications of the number and distribution of tracks in a TomoSAR configuration and the
requirements for an adequate characterization of different forest areas. Finally, Chapter 6 concludes
the thesis by summarizing the main findings and the possible future works and research directions
of the thesis.
Additionally, in Appendices A and B, two more peer-reviewed publications related to the
research questions of this work are included. In Appendix A a review of the differences and
commonalities between Lidar and TomoSAR profiles for the estimation of forest structure is
presented. In Appendix B, the proposed horizontal-vertical forest structure framework is applied
on a tropical forest site for ground measurements, full-waveform Lidar and L- and P- band
TomoSAR profiles.
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Abstract
Synthetic aperture radar (SAR) remote sensing configurations are able to provide continuous
measurements on global scales sensitive to the vertical structure of forests with a high spatial and
temporal resolution. Furthermore, the development of tomographic SAR techniques allows the
reconstruction of the three-dimensional (3-D) radar reflectivity opening the door for 3-D forest
monitoring. However, the link between 3-D radar reflectivity and 3-D forest structure is not
yet established. In this sense, this paper introduced a framework that allows a qualitative and
quantitative interpretation of physical forest structure from tomographic SAR data at L-band. For
this, forest structure is parameterized into a set of a horizontal and a vertical structure index. From
inventory data, both indices can be derived from the spatial distribution and the dimensions of
the trees. Similarly, two structure indices are derived from the 3-D spatial distribution of the local
maxima of the reconstructed 3-D radar reflectivity profiles at L-band. The proposed methodology
is tested by means of experimental tomographic L-band data acquired over the temperate forest
site of Traunstein in Germany. The obtained horizontal and vertical structure indices are validated
against the corresponding estimates obtained from inventory measurements and against the same
indices derived from the vertical profiles of airborne Lidar data. The high correlation between the
forest structure indices obtained from these three different data sources (expressed by correlation
coefficients between 0.75 and 0.87) indicates the potential of the proposed framework.
2.1 Introduction
Forest structure is eminently linked to the three-dimensional (3-D) size, location, and arrangement
of trees, trunks, and branches in a forest [1], [2] and reflects therefore the forest state and its
evolution [3]–[5]. Accordingly, forest structure is an indicator of forest successional stage and
development as well as sustainability and habitability and is therefore an important parameter for
assessing forest productivity [6], biomass level, and biodiversity [7]–[9]. Forest structure changes
reveal dynamic processes as growth, regeneration, decay, and natural or anthropogenic disturbance.
Knowledge about such processes is important for modeling the function and the evolution of forest
ecosystems and for developing accurate and robust forest biomass estimators [10].
The wide range of applications that require forest structure information imposes a wide range
of measurement and observation requirements. For biomass and carbon applications, yearly global
scale monitoring at spatial resolutions on the order of 1 ha are sufficient [3]. On the other hand,
ecology and biodiversity applications are often addressed at landscape-to-regional level and require
forest structure information at spatial and temporal scales associated to the occurring changes, i.e.,
down to single tree level with monthly to seasonal updates [7].
These requirements cannot be satisfied by the currently available means of forest monitoring.
Traditionally, forest structure characterization relies on sampling at local scales by means of field
inventory plots or more recently terrestrial laser scanning techniques able to catch the 3-D arrange-
ment of vegetation compartments. However, any extrapolation to larger scales depends on the
ability of these measurements to represent their surrounding landscape. At the same time, in many
cases, the temporal continuity of such plots measurements is very difficult to be established.
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Remote sensing techniques have the potential to overcome — at least some of — these limitations
and to make a significant contribution in qualitative and quantitative monitoring of 3-D forest
structure [3], [7]–[10]. Today, two remote sensing technologies allow the measurement of 3-D
forest information: Lidar and synthetic aperture radar (SAR) tomography. While the capabilities
and challenges of the different Lidar configurations for mapping 3-D forest structure are today
well established and widely understood, the potential of tomographic SAR configurations is
not fully assessed yet. Note here that the horizontal variability alone that can be estimated
by conventional remote sensing techniques is often not sufficient to describe unambiguously
vegetation structure [10] so that 3-D descriptors and measurements are required for a complete
characterization.
SAR tomography relies on a set of SAR images acquired under slightly different incidence
angles as for example along slightly displaced tracks or orbits to estimate the 3-D distribution of
the backscattered power, also known as the 3-D radar reflectivity. The reconstruction the 3-D radar
reflectivity is today established and has been demonstrated in several experiments across different
forest ecosystems [11]–[15]. The Appendix 2.5 summarizes the main tomographic reconstruction
algorithms.
However, the link between the reconstructed 3-D radar reflectivity and the physical forest
structure is not as well understood and far from being established. There are several reasons that
make this task challenging. One of them is related to the interpretation of the reconstructed 3-D
radar reflectivity in terms of 3-D forest structure attributes. Obviously, the 3-D radar reflectivity
depends on the system frequency and polarization employed, on the acquisition geometry (e.g.,
incidence angle) used, and on the (3-D) spatial resolution achieved. The fact that the scatterers
seen by the radar change with frequency and polarization makes a generic interpretation of the
3-D reflectivity difficult. In addition, with decreasing frequency, the scattering contribution of the
ground under the forest adds to the one of the forest making the interpretation of lower forest
components located close to the ground more difficult. This paper focuses on 3-D radar reflectivity
at L-band, where in general a significant penetration into and through the forest volume is expected
implying scattering contributions from the forest volume and from the underlying ground.
While forest structure is primarily associated to the geometric properties of tree and forest stand
elements, the radar reflectivity depends in addition to geometric properties also on the dielectric
properties of the scattering elements of the forest. This makes the interpretation of the reconstructed
3-D radar reflectivity —and especially its change— ambiguous. As a consequence, the estimation
of forest structure has to be robust enough to reflectivity variations that are not relevant to structure
as for example caused by rain or temperature gradients [12], [13] while still remaining sensitive
enough to morphological variations.
When attempting to relate the reconstructed 3-D radar reflectivity to physical forest structure
descriptors established in forestry and/or ecology, one faces a significant discrepancy. The physical
forest structure descriptors are built on individual tree parameters that do not have a direct
correspondence in the reconstructed 3-D radar reflectivity due to the insufficient spatial resolution
of the SAR configurations that does not allow individualizing scattering contributions of single
trees. This paper aims to contribute to the interpretation of L-band 3-D radar reflectivity in terms
of physical forest structure. In this sense, a framework that allows the estimation of qualitative
and quantitative 3-D forest structure information from 3-D radar reflectivity reconstructed by
SAR tomography at L-band is proposed. In Section 2.2, forest structure estimation from field and
remote sensing data is discussed and a pair of structure indices that allow the characterization of
horizontal and vertical forest structure is introduced. The two indices allow setting up a schema
for the systematic characterization and quantification of 3-D forest structure that can be applied on
inventory and remote sensing data. In Section 2.3, experimental results obtained from airborne
tomographic SAR data acquired at L-band and (airborne) Lidar data over the temperate forest of
Traunstein in Germany are presented. The structure indices derived from the tomographic SAR,
the Lidar, and the inventory measurements are discussed and compared with each other. The
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advantage of 3-D forest structure information versus forest height information only is discussed.
The effect of the spatial scale on the interpretation of the obtained results is also assessed. Finally,
conclusions are drawn in Section 2.4.
2.2 Forest Structure Estimation
2.2.1 Forest Structure Estimation From Field Data
Since both forestry and ecology have been traditionally based on field data, the discussion on forest
structure metrics has been essentially carried out on an individual tree basis. On plot level, it is
usually approached by estimating different attributes based on individual trees within the plot,
such as height, basal area, canopy dimensions, species composition, and/or stand density, which
are then used to derive a structure index. Numerous indices have been proposed in the literature,
such as the aggregation index [16], the diametric differentiation index, the mingling index, the
contagion index, or the complex stand index [17]. However, all of them have limitations in the
sense that no one provides a univocal characterization of any possible tree distribution within
the stand [18]–[21]. As a consequence, there is not yet an overall measure able to express forest
structure in terms of forestry or ecology. Nevertheless, despite the difficulties in defining an index
appropriate for a wide span of applications and forest types, there is a common understanding
that in order to express forest structure, two complementary aspects of forest structure need to be
considered, namely the structural heterogeneity in the horizontal and in the vertical dimension. In
this sense, horizontal structure reflects stand density, whereas vertical structure accounts for tree
size variability.
Regarding horizontal structure, it is worth noting here that stand density is not exclusively
related to the number of trees per unit area, but rather to site occupancy and therefore tree volume
per area [5]. One standard metric in forest practice is absolute basal area [22]. But in order to
compare stands of different ages, it is preferable to introduce measures linking space utilization
to tree size [21]. The most common among them is the stand density index [23], closely related to
the basal area. It relates the stand density with the equivalent density of a stand with an actual
quadratic mean diameter of 25 cm. In the scope of this paper, this metric is employed for the
estimation of horizontal structure from field data:






expressed in trees per hectare, where N is the number of stems per hectare and Dg is the quadratic
mean diameter at breast height in cm [24], within the structure window. In the following, the area
of the structure window, i.e., the size of the polygon enclosing the trees that are accounted when
computing the statistical quantities defined in 2.1, 2.2, 2.3 and 2.4 will be referred to as unit scale.
Several subsequent refinements of this index have been discussed in the literature [25]. Accounting
only for the tallest trees in the stand allows a better characterization of canopy closure, while being
more consistent by assuming the same allometric relationship between the size and density for all
the trees involved in the estimation. Also, without loss of generality, HS f ield is normalized to its
maximum and then 1− HS f ield norm is employed in order to reflect disorder: 0 indicates low and 1
indicates high structural disorder or complexity.
Vertical structure can be evaluated by the size differentiation, the Gini coefficient, the Shannon
index [26], or as the standard deviation of tree heights [6], [27], among others. However, due
to the fact that tree height measurements are often not performed, these indices are usually not
possible to be estimated directly from inventory data. As an alternative, the standard deviation of
tree diameter at breast height (dbh) that reflects as well the tree size variability [5] has been used
that can be directly estimated from standard inventory measurements. Furthermore, according
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to [2] and [4], dbh variability appears to be more sensitive to successional stages than measures of
height diversity alone. Therefore, in the scope of this paper, vertical forest structure from field data
VS f ield is estimated as the standard deviation of tree dbh:
VS f ield = std ({dbh}) (2.2)
expressed in cm, where {dbh} is the ensemble of diameter at breast height of all the trees included
in the structure window, given in cm. Without loss of generality, the vertical forest structure
descriptor from field data is normalized to its maximum within the image and becomes unitless.
Using now the horizontal HS f ield and vertical VS f ield structure indices, it is possible to define a
plane, referred to as HV plane in the following, on which forest stands can be projected depending
on their structure (see Figure 2.1). The complementary aspect of horizontal and vertical structure
can be observed in Figure 2.1. Four stands are projected in the plane defined by their horizontal and
vertical structure. The four stands sketched can only be unambiguously discriminated when both
the horizontal and the vertical dimensions are accounted for. First, two monolayered stands have
been sketched. They have low vertical structure because they are mainly constituted by trees of
similar size. The difference between them relies in the horizontal axis, due to their different density.
On the other hand, two multilayered stands have been considered as well. They both have similar
high vertical structure. The difference between them relies again in the horizontal dimension.
FIGURE 2.1: Horizontal and vertical forest structure measures are complementary and allow the
definition of a plane where stands can be projected according to their structure complexity. As an
example, the position of four different examples of forest stand is shown here.
2.2.2 Forest Structure Estimation From TomoSAR Data
The objective of this section is to define a framework for the estimation of forest structure from
L-band TomoSAR data. For this, the definition of structure indices applicable to TomoSAR data
that meet the same notions as the forest structure indices derived from inventory data discussed
in the previous section will be attempted. The challenge is to circumvent the fact that individual
tree-based measures are usually not possible to be retrieved with TomoSAR data, which hampers
a direct translation of the metrics employed in ecology and forestry. The main principles and
processing steps in SAR tomography relevant for this paper are summarized in the Appendix 2.5.
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2.2.2.1 Physical Interpretation of Reflectivity Profiles
Figure 2.2 shows an example of an (normalized) L-band 3-D reflectivity transect (referred as tomo-
gram in the following) through a managed temperate forest, crossing stands at different growth
stages. Four different areas are highlighted and denoted by numbers. For each of these four areas,
a representation of the tree distribution as obtained from the field inventory data is given (left
column) and the corresponding reflectivity profiles (middle column). Looking at the two represen-
tations makes evident that the differences in the 3-D reflectivity profiles reflect the differences in
forest structure for each of the areas. As indicated by the schematic tree representations, areas 2
and 3 are monolayered dense stands, whereas areas 1 and 4 are constituted by significantly more
diverse tree sizes. Looking at the reflectivity profiles, besides the ground, most of the maxima are
concentrated in a 10 m height range going from 20 to 30 m and from 10 to 20 m for areas 2 and 3,
respectively, whereas they are distributed along more than 30 m, from 10 to 40 m for both areas 1
and 4. The 3-D distribution of the local reflectivity maxima (i.e., the reflectivity peaks) shown in the
right column of Figure 2.2 is distinctive for the four different forest structure types considered in
this example.
FIGURE 2.2: (Top row) Example of normalized tomogram along a managed highly heterogeneous
temperate forest. (Left column) Schematic representation of the trees distributions, (middle column)
corresponding reflectivity profiles superimposed, and (right column) peaks of the reflectivity profiles,
for the four areas highlighted in the tomogram.
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This indicates that the 3-D distribution of reflectivity peaks at L-band reflects the variability in
the distribution of trees. Even if the physical significance of reflectivity peaks in terms of forest
structure is not established, a number of models and experiments in the literature support this
assumption [28]–[30]. From an experimental perspective, the comparison of vertical reflectivity
profiles at L-band with the height distribution of trees derived from airborne laser scanning data
confirms that reflectivity peaks are produced at the range of heights occupied by the branches [31].
The discussion above triggers the idea to define measures of forest structure based on the
(spatial) 3-D distribution of reflectivity peaks ignoring their (absolute) intensity. This choice has
several advantages. First, it allows to attenuate the impact of radar reflectivity variations due to
nonstructural effects. The location of the reflectivity peaks appears significantly more robust than
the relative distribution of energy against changes induced by rain events, temperature gradients,
seasonality [13], and/or the choice of the TomoSAR algorithm itself [32]. This allows the use of
tomographic super-resolution algorithms that allow to critically improve the vertical resolution
beyond the Rayleigh resolution, by taking into account the associated loss of radiometric accuracy
and or consistency. Among all TomoSAR algorithms in the literature, compressive sensing (CS)
provides the highest super-resolution under the relevant TomoSAR conditions, and for this reason
it has been used in the following (see the Appendix 2.5). At the same time, using the distribution of
peaks only allows to reduce the dimensionality of the observation space required for the definition
of a structure metric.
2.2.2.2 Definition of Horizontal and Vertical Forest Structure Indices From TomoSAR
The objective of this section is to define indices of horizontal and vertical structure from the 3-D
spatial distribution of the ensemble of reflectivity peaks. These indices should reflect the same
notions of spatial variability of the canopy cover and tree size distribution as the indices defined
in 2.1 and 2.2. Following the discussion in Section 2.2.2.1, it can be assumed that the presence of
forest layers at different heights within a stand is reflected by a higher variability in the height of
the reflectivity peaks. Based on this, it is possible to define one horizontal and one vertical index of
structure from the 3-D distribution of the reflectivity peaks.
For the horizontal structure index HS, first the height of the highest peak in the unit scale hmax
is estimated and a top layer is defined as the range of heights between 0.6 hmax and hmax. The blue
layer in Figure 2.3 shows the top layer as obtained for the first area shown in Figure 2.2. Once the
top layer is defined, the horizontal structure descriptor is computed as the number of peaks within
the top layer divided by the unit area S. Note that the definition of the top layer is rather empirical,
relying though on a definition suggested in [33].
FIGURE 2.3: Definition of top layer for the horizontal structure index and the threshold to remove peaks
introduced by the ground scattering contributions.
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Let’s assume P = {p1, p2, ..., po} the set of O reflectivity peaks in a given unit scale and HP =
{h1, h2, ..., hM} the set of M heights at which these peaks are produced. With this, the horizontal












is the total number of peaks in the top layer.
Without loss of generality and similar to HS f ield, HS is normalized to its maximum HSnorm
within the scene and 1− HSnorm is considered in order to reflect disorder: 0 indicates low and 1
indicates high structural disorder or complexity.






where H′p is the vector of size M′ obtained from HP after accounting all peaks that appear at the
same height only once and ignoring the peaks of the ground. At lower frequencies, the presence
of the ground scattering contributions introduces reflectivity peaks that are not directly related to
the forest volume. In order to exclude the ground induced peaks, a minimum height is set and
peaks below this height are disregarded. In this paper, the height threshold is set to 5 m (see the
red area in Figure 2.3), implying that understory (1–3 m) is also ignored. Finally, the descriptor of
the vertical forest structure VS is normalized to its maximum VSnorm within the scene.
Several considerations should be raised here. First, while the majority of peaks occur at
the position of the canopies, this is not always the case. This can be due to sidelobes in the
reconstruction of the vertical reflectivity as a result of a suboptimum sampling (i.e., number and/or
distribution of acquisitions), the insufficiency of the reconstruction algorithm, or the erroneous
detection of reflectivity peaks (see the reflectivity profiles in Figure 2.2). As a consequence, it is of
advantage to define forest structure descriptors by means of a statistical measure in order to be
robust enough to false peak detections. In this context, no reliable information can be extracted
from a single peak and the larger the number of peaks, the more accurate the estimated height
frequency distribution becomes, ensuring a sufficient number of peaks impose restrictions on the
range of spatial scales that can be employed. The chosen scale should be large enough to comprise a
statistically meaningful number of trees and small enough to occupy a homogeneous area in terms
of structure. The definition of these bounds is not straightforward, essentially because they depend
on the forest heterogeneity. For instance, compared to homogeneous stands, a highly structured
stand requires sampling on a larger scale to reflect its heterogeneity.
Furthermore, the structure indices introduced rely on the assumption that a group of trees of
similar height causes a reflectivity peak at the height of the common canopy. However, groups of
trees of the same height but different species, might produce peaks at different heights as a result
of the different crown architecture (i.e., shape) introducing an ambiguity in the vertical structure
index.
Finally, it should be noted that the indices suggested in this section are not absolute measures.
Different systems at different resolutions might produce a different set of peaks for the same
scene. Since the measure of vertical structure reflects a relative distribution of peaks in the vertical
dimension, it will not be affected by differences in range and azimuth resolution. The horizontal one
may present lower values with poorer resolutions. In order to account for this, before estimating the
structure measures, the ensemble of peaks is projected on a geographic grid always at a resolution of
1 x 1 m. This step allows bringing the number of peaks identified by systems at different resolutions
to comparable ranges. This framework has already proven its validity in forest structure changes
tracking in a temporal series of TomoSAR data acquired by systems with different characteristics
essentially in terms of resolution (range, azimuth, and vertical) and viewing geometries [34].
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2.3 Experimental Results on a Temperate Forest
2.3.1 Description of the Test Site and Available Dataset
In this section, the method suggested for forest structure estimation from TomoSAR data at L-band
is applied on a temperate forest. The test site considered is Traunstein, a managed forest located in
South-Eastern Germany, recently included in the ForestGEO network. The location, diameter at
breast height and species of around 16000 trees were sampled in 2015 in an area of 25 ha (see the
area indicated with a black perimeter in Figure 2.4). In terms of structure, the site is characterized by
a spatial structure gradient with different stages of management. The eastern part is mostly covered
by monospecific homogeneous stands, while the western part is dominated by multilayered mixed
stands.
In May 2017, a tomographic radar dataset at L-band was acquired over the area in a repeat
pass interferometric mode by the DLR’s F-SAR system [35] (see Figure 2.4 bottom). The different
parameters of the dataset are summarized in Table 2.1. In 2016, airborne Lidar measurements were
acquired over the same site (see 2.4 top).
FIGURE 2.4: (Top) Map of Lidar heights over the test site and (bottom) Pauli representation (i.e., using
|HH–VV|, |HV| and |HH+VV| as the RGB channels).
As shown in Table 2.1, the SAR single look complex (SLC) images have a resolution of 1.2 m in
range and 0.6 m in azimuth. A multilook of 5 x 11 SLC samples in range and azimuth, respectively,
is applied in the tomographic processing for the estimation of the covariance matrices, which
leads to independent reflectivity profiles every 6 x 6.6 m. The Appendix 2.5 summarizes the main
tomographic processing steps employed.
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TABLE 2.1: Main parameters of the tomographic SAR dataset.
Tracks kz distribution1 Height of ambiguity
Resolution
Vertical2 Slant Range3 Azimuth3
9 Uniform distributed from 0 to 0.55 91 m 11.4 m 1.2 m 0.6 m
1kz is the vertical wavenumber at the centre of the image; 2Rayleigh resolution; 3Before tomographic processing.
Then, the significant peaks from each reflectivity profile are identified. In order to do so,
several standard approaches have been tested. Since the local maxima we intend to identify in
the reflectivity profiles have significantly higher amplitude than spurious peaks caused by noise
(as it can be observed in Figure 2.2), no meaningful differences in terms of performance between
the methods have been found in this case. For the results reported in this paper, the profile is first
convolved with a Gaussian wavelet at two scales. Within the wavelet coefficients, the ones with
amplitude higher than the mean plus three times the standard deviation are accepted as actual
peaks. As already mentioned, the identified peaks are projected on a geographical 1 x 1 m grid
before the estimation of the structure indices.
After choosing a scale, the forest structure indices are then computed at this scale by applying 2.3
and 2.4 from Section 2.2.2.2. This is implemented by means of a sliding window, whose dimensions
correspond to the chosen scale sliding through the samples in the geographical 1 x 1 m grid. Note
that, throughout the paper, the scale is set to 50 x 50 m (except of Section 2.3.4, where a multiscale
analysis is performed).
A similar analysis has been carried out as well with Lidar data in the same test site. For the
Lidar data, a return is recorded every 0.5 x 0.5 m. First, the 100 returns in 5 x 5 m are combined to
obtain an aggregated vertical profile. Then, each of these profiles is treated in the same way than
the radar ones: The peaks are identified and the structures are estimated following 2.3 and 2.4 with
a sliding window.
Figure 2.5 shows a 1 km long transect along the site (indicated by the white line in Figure 2.4
(top)), as seen by both the Lidar (a) and the TomoSAR (b) systems. At each position of the transect,
the projection of the Lidar returns as well as the TomoSAR peaks across 20 m are represented.
Higher values (yellowish colors) reflect the co-occurrence of numerous peaks at a given height,
whereas lower values (bluish colors) imply that no peaks are detected there. It is worth clarifying
here that Figures 2.2 and 2.5, besides covering different sites, are showing different variables:
Figure 2.2 shows the normalized reflectivity, whereas Figure 2.5 shows the aggregation of reflectivity
peaks. Four areas are highlighted in this plot, numbered from 1 to 4, from East to West. For instance,
Area 1 corresponds to a homogeneous monolayer stand of spruces. For this young stand, most of
the peaks are concentrated in a limited range of heights and only a few ones appear beneath this
dominant layer. In Area 2, the dispersion in the vertical distribution of peaks is slightly increasing,
reflecting the transition to a multilayered stand. Area 3 is essentially constituted by very low
vegetation, irregularly scattered in space. Finally, at the western part of the plot, Area 4 comprises
an older stand, with a significantly higher structure complexity that is consistently reflected in a
wider distribution of peaks. By comparing the distribution of the Lidar returns with one of the
tomographic peaks along the transect, the differences between the different areas in this example
appear clearer in the TomoSAR transect. The Lidar returns appear mostly concentrated at the top
of the canopy, in a similar way all along the transect. For example, the main difference between
Areas 4 and 1 is that the returns in Area 4 are a few meters higher, but they are not significantly
more scattered in the vertical dimension than the ones in Area 1. This is reflected in the values of
the horizontal and vertical forest structure indices in this transect (see Figures 2.5(c) and (d)).
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FIGURE 2.5: Transect across the test site as observed through (a) the Lidar returns and (b) the peaks of
the TomoSAR reflectivity profiles. Corresponding forest structure indices as estimated from (c) Lidar
and (d) TomoSAR, following 2.3 and 2.4 (aggregated Lidar vertical profiles are treated as TomoSAR
reflectivity profiles).
2.3.2 Results
The maps of horizontal and vertical structure are estimated in the site for the three different sources
of data available at a structure scale of 50 x 50 m. First, the horizontal and vertical structures from
the field data are computed following 2.1 and 2.2, respectively. Then, the horizontal and vertical
structures for the two sources of remote sensing data are estimated according to 2.3 and 2.4. The
resulting maps of horizontal and vertical forest structure are shown in Figures 2.6 and 2.7. Despite
several local dissimilarities, the general spatial patterns for the three maps are similar. In terms of
horizontal structure, the test site is quite homogeneous, apart from the central area with low and
scattered vegetation. In terms of vertical structure, a gradient of increasing complexity from East to
West is distinctly noticeable.
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FIGURE 2.6: Maps of horizontal forest structure,
as estimated from (top) field, (middle) Lidar and
(bottom) TomoSAR data.
FIGURE 2.7: Maps of vertical forest structure, as
estimated from (top) field, (middle) Lidar, and
(bottom) TomoSAR data.
The discrepancies between the different maps are mainly due to differences in resolution and
viewing geometries affecting in particular stand borders. Such an example is shown in Figure 2.8,
which shows the area within the square indicated in Figure 2.4. When the vertical structure is
estimated from field data, a local maximum can be observed in the map. When estimated from
Lidar, this maximum is spread over a much larger area and when estimated from TomoSAR, no
vertical structure maxima are retrieved in this point. According to field data, in this area, as shown
in Figure 2.8, there are three isolated tall trees surrounded by very low vegetation. This should
increase locally vertical structure, but the impact of these trees in the three maps appears to be
very different. In the field data, in most of the sliding windows covering these trees, the number
of tall trees is low with respect to the number of smaller trees. On the contrary, for the Lidar data,
since big trees produce more returns than the smaller ones, their presence will be exaggerated and
spread over the area of the structure window. Lastly, in the tomographic SAR reconstruction, the
tall trees could not be detected (see Figure 2.8), essentially because of insufficient spatial resolution
after multilook (6 x 6.6 m).
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FIGURE 2.8: Area in the white square in Figure 2.4.
The correlations between the different maps are shown in Figure 2.9. Correlations are slightly
better for the horizontal than for the vertical structure estimators, which are reasonable because the
vertical measure involves a second-order moment, whereas the horizontal one reflects first-order
statistics. It can be observed from the maps and the correlation plots that across the site, structure
types are unevenly distributed: Both for the horizontal and the vertical, most of the site exhibits
similarly low values and very high values are concentrated in a small area. Also, especially for the
vertical structure, transitions between areas with different structure are smoother than with Lidar
and TomoSAR. In this sense, the higher sensitivity of the field data to vertical structure variations is
due to the difference in accuracy of the measurements involved: Vertical structure estimated from
field data according to 2.2 is sensitive to variations of dbh in the range of cms, whereas Lidar and
especially TomoSAR are constrained by the vertical resolution of the system, which is on the order
of several meters. Besides this, it can be observed that the structure estimated from Lidar shows
a better correlation with the field data than the one estimated from TomoSAR for the horizontal
dimension (r = 0.87 versus r = 0.83), but slightly worse for the vertical one (r = 0.75 versus r = 0.77).
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FIGURE 2.9: Correlations between horizontal (left column) and vertical (right column) forest structures
as estimated from Field, Lidar, and TomoSAR data.
2.3.3 3-D Versus Height Only Forest Structure Estimation
In order to assess the advantages of employing tomographic SAR for forest structure estimation
with respect to only height in the same conditions of spatial resolution, a simple test is carried out
by estimating forest structure only taking into account the highest peak for each range and azimuth
position instead of the complete vertical distribution of peaks. It is assumed here that the highest
reflectivity peak is the closest one to the top of the canopy. Using the highest peaks only, horizontal
and vertical structures can be estimated according to 2.3 and 2.4 following the same procedure
as before. The maps of horizontal and vertical structure obtained are shown in Figure 2.10. A
lower sensitivity when compared to the structures, estimated from the whole set of peaks (see
Figures 2.6 and 2.7), can be observed essentially in the high vertical structure region, in the west
part of the site. This is reflected as well in the correlation plots shown in Figure 2.11: Vertical
structure is underestimated when considering only the highest peak and the underestimation is
more important for higher structure values.
Four areas considered uniform in terms of structure according to field data and optical imagery
available are defined. These four areas are shown in Figure 2.4 (top). From East to West, the
area in the blue polygon is a monolayer dense stand. The orange polygon is of similar structure
besides a few older trees to its western border increasing complexity. The green polygon is a very
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heterogeneous area with only a few scattered trees. Lastly, the red area comprises an older stand
with a larger diversity in terms of trees dimensions and thus higher vertical structure.
Figure 2.12 shows the distribution of the indices in the HV plane for these four areas, considering
the whole set of peaks and considering only the highest peak, at 50 x 50 m. When only the highest
peak is considered, the reduction in sensitivity in the vertical dimension induces a vertical shrinkage
of the signatures of the different areas, supporting the reduction of sensitivity to vertical structure
observed from the maps in Figure 2.10 and the correlation plots in Figure 2.11.
FIGURE 2.10: Maps of forest structure estimated
from the highest peak of the reflectivity pro-
files. (Top) Horizontal and (bottom) vertical forest
structure.
FIGURE 2.11: Correlations between the structures
as estimated from the complete set of peaks of the
TomoSAR reflectivity profiles and from only the
highest one.
FIGURE 2.12: Signatures of the horizontal and vertical forest structure indices in the HV plane for four
different polygons at different growth stages (young monolayer stand in blue, older mainly monolayer
stand in orange, heterogeneous area with scattered trees in green, and multilayered stand in red),
estimated using the whole set of peaks of the TomoSAR reflectivities (left) and using only the highest
one (right), at 50 x 50 m.
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2.3.4 Discussion on Scale
As already mentioned in Section 2.2.2.2, forest structure is inherently linked to scale and as a
consequence the estimation of forest structure might vary with scale. Also, the measure of forest
structure can be considered meaningful only within a range of scales. This range is bounded on
the lower limit by the spatial variability of the scene and the spatial resolution of the sampling
source. In fact, since the indices proposed rely on statistical measures, in order to ensure statistical
significance, a minimum number of samples is required, both in terms of trees within the area
considered and in terms of independent SAR observations. Too fine scales are not adequate to
provide statistically significant values and, even within a uniform area, estimated forest structure
may differ from sample to sample. On the other extreme, the upper limit of the valid scales is
determined by the maximum correlation length of the stand. If the scales considered are larger than
the size of the areas regarded as being uniform, the resulting estimates result from the mixing of
diverse structures types and are therefore biased. Furthermore, besides the statistical considerations,
ecological significance should also be accounted for. In that sense, it should be noted that the
relations between forest species and 3-D vegetation structure may occur at spatial scales finer as 1
ha and therefore scales of 1 ha or finer are required for many ecological applications.
In order to illustrate the evolution of structure estimates across scales in the site considered, the
indices of horizontal and vertical forest structure for the three sources available (field measurements,
Lidar, and TomoSAR data) are estimated according to 2.1, 2.2, 2.3 and 2.4 at scales ranging from
25 x 25 m to 150 x 150 m. The distribution of the values of estimated forest structure in the HV
plane for three different scales (25 x 25 m, 75 x 75 m, and 150 x 150 m) in the four areas regarded as
uniform in terms of structure and defined in the previous section is shown in Figure 2.13.
Regardless of the source of data, it can be observed that at a scale of 25 x 25 m, the dispersion of
values within polygons considered uniform in terms of structure is high. It can thus be deduced
that especially in the red polygon with the highest vertical structure, cells of 25 x 25 m are too fine
to sample its representative diversity. This large dispersion would hamper as well the classification
of polygons, since the distribution of their values of horizontal and vertical structures appears
close to each other or even overlapped in the HV plane. When the scale increases to 75 x 75 m, the
dispersion of values within polygons is significantly reduced and the distributions for the different
polygons drift apart from each other, favoring classification based on structure characterization.
The standard deviation within the predefined polygons further decreases if the scale increases to
150 x 150 m, for the three sources of data. However, the four different signatures start to shrink
again and become meaningfully less distinct. In fact, the elongated morphology of the test site
considered in this paper together with its rapid spatial variability (see Figure 2.4) allows only a few
windows larger than 1 ha still covering uniform trees distributions.
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FIGURE 2.13: Signatures of the horizontal and vertical forest structure indices in the HV plane for four
different polygons at different growth stages (young monolayer stand in blue, older mainly monolayer
stand in orange, heterogeneous area with scattered trees in green and multilayered stand in red), as
estimated from field, Lidar, and TomoSAR data, at three different scales.
2.4 Conclusions
A framework for qualitative and quantitative forest structure estimation from tomographic SAR
measurements at L-band has been proposed. It is based on a pair of complementary indices for the
characterization of horizontal and vertical structure. In order to ensure the physical interpretation
and ecological relevance, the indices have been derived in correspondence to structure indices
already established in forestry and ecology studies. The fact that the indices used in forestry and
ecology are defined in terms of individual tree parameters while conventional SAR measurements
are not able — in terms of spatial resolution — to distinguish single trees had to be accounted. A
methodology to derive the two indices from 3-D radar reflectivity reconstructed by tomographic
SAR techniques has been proposed and described step by step. The methodology relies on the
evaluation of the location of the (local) maxima of the reconstructed vertical reflectivity profiles.
The main reason for this is that the locations of the reflectivity maxima are less prone to variations
induced by nonstructural effects as for example by changing seasonal and weather conditions than
the reflectivity values itself.
The proposed methodology has been applied on airborne tomographic SAR data acquired at
L-band over the temperate forest of Traunstein in Germany and validated against the structure
indices obtained from airborne Lidar and field inventory data. The validation of the forest structure
maps obtained from the radar data against the ones derived from the field inventory data revealed
a meaningful correspondence. Reaching a good agreement between the maps generated from the
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two data sources is necessary to ensure the incorporation of the estimations generated by SAR
systems in ecology studies, for example, through assimilation into existing models.
The framework as defined by the two indices allows:
1. the systematic interpretation of the 3-D radar reflectivity in terms of physical forest structure.
This is not always an intuitive task because of the dependency of radar reflectivity on system
parameters as well as on the geometric and dielectric properties of the forest;
2. the direct comparison of forest structure estimates from field inventory data to estimates
derived from radar and even Lidar measurements.
Indeed, the proposed framework has proven to be suitable for Lidar measurements. The forest
structure maps as estimated by means of radar and Lidar are comparable, despite the differences
in resolution and acquisition geometry. This not only supports the significance of the proposed
framework but also establishes a basis to combine the information provided by radar and Lidar.
It should be noted here that the quantitative characterization of forest structure by means of
the proposed framework unavoidably incurs a loss of structure information, since a 3-D notion is
projected into a 2-D space defined by the two indices, whose orthogonality is not guaranteed in
any case (or scale). In this sense, further validation is necessary to entirely assess the limitations of
the framework proposed when it comes to a complete representation of forest structure.
In order to assess the value added by the availability of full 3-D information when compared to
the information provided by forest height alone, forest structure maps generated by accounting
only the highest maximum of the reflectivity profiles have been generated. The considerable loss
of sensitivity to vertical structure variations in these maps reinforces the importance of 3-D radar
reflectivity estimates.
Finally, the evolution of the obtained forest structure estimates has been evaluated over a
range of spatial scales. The main result was the understanding that the choice of scale has to
be meaningful with respect to the structural complexity of the underlying stand or forest. For a
complex highly heterogeneous stand, estimates at very fine scales (smaller than 25 x 25 m) are
affected by a high dispersion. The dispersion decreases rapidly toward 50 x 50 m and beyond
which is in agreement with the common understanding that the spatial distribution of trees at 0.5
to 1 ha scales renders a meaningful estimate of the complexity of a stand. The upper bound is given
by the maximum scale at which the stand can still be considered uniform in terms of structure.
Further validation and possible refinements of the proposed methodology require sites and data
with spatial and temporal diversity, i.e., a variety of forest scenarios with different characteristics
and temporal variability. Regarding spatial variability, the proposed methodology has been already
successfully validated in a number of tropical test sites in Gabon [36]. Temporal variability is
important for assessing the sensitivity to temporal and spatial changes in forest structure and
the robustness to nonstructural variations. In this context the proposed methodology has been
tested on a time series of tomographic acquisitions conducted over temperate forests and proven to
be robust enough to nonstructural variations and sensitive enough for tracking forest structure
changes due to management practices [34].
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2.5 Appendix. Principles of SAR Tomography and Compressive Sens-
ing
Consider a tomographic acquisition composed by M (repeat-pass) tracks over the same scene.
Given a range and azimuth coordinate, the SLC pixel amplitudes ym, m = 1, ..., M of a single-
polarimetric channel can be arranged in a column vector y as follows:
y = [y1, y2, . . . , yM]
T . (2.5)
In the multipolarimetric case, the same operation can be repeated for each one of the P available
polarimetric channels (P = 3 for a fully polarimetric acquisition). Then, a PM-dimensional SLC
data vector yp is obtained by stacking the single-polarimetric data vectors one on top of the other.
Since each image is acquired from a slightly different angular position, a scatterer at a given
height z introduces a phase difference among the acquisitions. The vertical sensitivity of the phase






where λ is the wavelength, r is the distance to the scatterer, θ is the incidence angle, and B⊥ is
the orthogonal distance between the tracks corresponding to the two acquisitions projected in the
direction orthogonal to the line of sight. Let kz max be the wavenumber with maximum B⊥ , and






which is conventionally used as a reference in SAR tomography. kz min gives the nonambiguous





In order to avoid ambiguities in the estimated vertical distribution of the backscattered power
(reflectivity profile), hamb should be higher than the maximum forest height of the scene.
The phase differences of each of the acquisitions are collected in the so-called z-dependent
steering vector at a given height z defined as follows:
a(z) = [1, ejkz2 z, ejkz3 z, · · · , ejkzM z]T (2.9)
where kzM , m = 1, ..., M , is the vertical wavenumber for the mth acquisition with respect to the
reference one, here placed in correspondence of the first image for which it results kz1 = 0. In
the multipolarimetric case, the (PMxPM)-dimensional covariance matrix R associated to yp is as
follows:
R = E{ypyHp } (2.10)
In 2.10, E{·} denotes the statistical expectation, and (·)H the Hermitian (i.e., transpose conjugate)
operator. It should be noted that the estimation of the expectation of a stochastic process requires
several realizations of that process, which is generally not available in real datasets. Therefore,
under the assumption of ergodicity, the statistical expectation in 2.10 is approximated by averaging
neighboring pixels within a range-azimuth (multilook) cell.
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Several (model-based and not) tomographic algorithms can be employed to estimate the reflec-
tivity profiles using R and a(z) [31], [38] on a set of heights {zi}Hi=1 within an interval of interest. In
the general multipolarimetric case, it is of interest to estimate a set of (PxP)-dimensional polari-
metric covariance matrices {T(zi)}Hi=1. Their P diagonal elements collected for the H heights form
the reflectivity profiles in the P polarimetric channels. Different algorithms are characterized by
different height resolution capabilities beyond the Rayleigh limit 2.7. However, the improvement
in the achievable resolution can intrinsically reduce the radiometric accuracy, especially in the
imaging of volume scatterers.
The estimation of the reflectivity profiles is based on the inversion of the Fourier relationship
existing between them and the covariances in 2.10 [11], [37]. Following the derivation in [39], such
relationship can be expressed by means of a linear system as follows:
R′ = φT′. (2.11)
In 2.11 R is (M2xP2)-dimensional matrix resulting from a proper permutation of the elements
of the polarimetric-multibaseline covariance matrix 2.10: Each row represents for each of the M2
interferometric pairs, the different P2 polarization combinations, after ordering the elements of
the (PxP)-dimensional polarimetric matrices as vectors. Further details on the permutation are
given in [39]. φ is an (M2xH)-dimensional matrix obtained by collecting the steering vectors 2.9
calculated for the H heights [39]. Finally, T′ is an (HxP2)-dimensional matrix that contains the
elements of the unknown matrices {T(zi)}Hi=1 on each row [39]. Since in an usual tomographic
configuration the number of acquisitions is limited, it results in M2  H. As a consequence, the
linear system in 2.11 is highly underdetermined.
In order to estimate the vertical reflectivity profiles by solving the linear system in 2.11, in this
paper we make use of an algorithm based on CS [40]. Essentially, the CS theory states that a signal
can be reconstructed under the Nyquist sampling rate provided that it is sparse, meaning that it has
a low number of nonzero coefficients, and the matrix φ fulfills the restricted isometry property [40].
Thus, a CS algorithm can cope with the underdetermination of the system 2.11 and can resolve
scatterers at heights closer than the resolution limit in 2.7.
In general, the sparsity condition is too restrictive and most of the signals of interest do not
fulfill it. However, the application of CS can be easily extended to compressible signals, which are
signals that produce a sparse representation when projected in a fixed sparsifying basis.
Since some level of correlation is expected between adjacent rows in T′ (i.e., consecutive heights),
it is reasonable to assume that a sparse representation of T′ may be obtained through a projection on
a given basis. This has already been explored in [41], where it has been proven that the projection
into an appropriate wavelet basis provides a sparse expansion of the reflectivity profiles in a forest
scenario. Hence, by denoting with w the (HxH)-dimensional matrix of the wavelet projection, the
vector of the sparse wavelet coefficients α results in the following:
α = wT′. (2.12)
With this, 2.11 can be rewritten as follows:
R′ = φw−1α. (2.13)
In this paper, we suggest to estimate α by solving 2.13 through a disciplined convex program-
ming, which can be formalized by means of the following constrained minimization problem:
min‖α˜‖2,1 subject to ‖R′ − φw−1α˜‖F ≤ ε (2.14)
under the additional condition that every row of T′ (i.e., each polarimetric covariance matrix) must
be positive semidefinite. In 2.14, α˜ are the estimated wavelet coefficients, ε is an upper bound
for the error allowed in the estimation, ‖ · ‖2,1 and ‖ · ‖F are a mixed (2,1) and a Frobenius norm,
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respectively. In the scope of this paper, the proposed approach has been implemented in Python
and employs the CVXPY packages [42]. With the estimated coefficients α˜ from 2.14, the estimated
polarimetric covariance matrices T˜ and finally the reflectivity profiles can be obtained.
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Abstract
Synthetic Aperture Radar Tomography (TomoSAR) allows the reconstruction of the 3D reflec-
tivity of natural volume scatterers such as forests, thus providing an opportunity to infer structure
information in 3D. In this paper, the potential of TomoSAR data at L-band to monitor temporal
variations of forest structure is addressed using simulated and experimental datasets. First, 3D
reflectivity profiles were extracted by means of TomoSAR reconstruction based on a Compressive
Sensing (CS) approach. Next, two complementary indices for the description of horizontal and
vertical forest structure were defined and estimated by means of the distribution of local maxima
of the reconstructed reflectivity profiles. To assess the sensitivity and consistency of the proposed
methodology, variations of these indices for different types of forest changes in simulated as well
as in real scenarios were analyzed and assessed against different sources of reference data: airborne
Lidar measurements, high resolution optical images, and forest inventory data. The forest struc-
ture maps obtained indicated the potential to distinguish between different forest stages and the
identification of different types of forest structure changes induced by logging, natural disturbance,
or forest management.
3.1 Introduction
Forests are three-dimensional (3-D) ecosystems whose 3D structure is strongly affected by dynamic
processes such as growth, regeneration, decay and disturbance, and thus closely related to their
history, diversity, function, microclimate and yield [1]. Accordingly, 3-D forest structure information
is important for understanding and modelling the succession, function and development of forest
ecosystems, and provides insight into ecological processes and forest dynamics. At the same time,
forest structure information is essential for the development of accurate forest biomass estimators
that are required to better understand and quantify the contribution of forest ecosystems to the
global carbon cycle [2]–[4].
Forest structure monitoring has traditionally been performed by inventory measurements
that provide accurate estimates of a number of (single) trees and stand parameters. However,
inventory measurements are demanding in time and resources so that they are usually performed
at smaller scales with rather low update rates. Given this, spaceborne Synthetic Aperture Radar
(SAR) imaging configurations provide continuous forest mapping with global coverage at spatial
and temporal resolutions relevant to the detection of changes on the forests. This, combined with
the fact that radar signals—especially at lower frequencies—penetrate even dense forest canopies
interacting with forest structure components at different heights, make SAR an important element
in the context of global forest monitoring.
Indeed, in the last few years, a significant effort has been made to demonstrate and validate the
potential of conventional SAR configurations to reflect spatial biomass distribution by means of SAR
measurements [5]. The introduction of SAR interferometry was a critical step, as interferometric
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measurements have an increased sensitivity to vertical structure elements of forest. Indeed, the
use of polarimetric interferometric measurements has allowed the model based estimation of
vertical forest structure parameters such as forest height [6]–[9]. In order to reconstruct more
detailed vertical distribution of scatterers, multi-baseline interferometric acquisitions have been
used [10]. More recently, tomographic acquisitions (TomoSAR), that can be seen as an extension of
multi-baseline interferometric acquisitions, have been used to reconstruct the 3-D radar reflectivity
of forests, to explore for mapping 3-D forest structure, and to improve biomass estimators [11]–[16].
These activities were complemented by a number of ground-based [17]–[20] and airborne SAR
experiments [21] aiming to quantify the impact of temporal decorrelation on the effect of weather
and seasonal conditions on a temporal series of TomoSAR data rather than to analyse forest structure
dynamics [22]–[24]. The promising results achieved initiated the implementation of TomoSAR
acquisition modes in future spaceborne SAR missions, such as Biomass [25] or Tandem-L [26], for
mapping at a global scale structural forest parameters and improving biomass estimations.
With respect to forest structure mapping, SAR configurations have a number of advantages
when compared to other remote sensing techniques. Compared to optical and hyperspectral
imaging configurations, SAR measurements provide significantly higher sensitivity to the vertical
arrangement of forest elements due to the ability to penetrate through the vegetation layer and in-
teract with forest structure components at different heights. Compared to Lidar configurations that
allow accurate measurements of vertical forest structure, SAR configurations have the advantage of
a higher penetration ability through clouds and into/through vegetation as well as in the realization
of wide imaging swaths that allows large and global scale coverage at high temporal resolutions.
Motivated by this, this paper explores the potential of L-band TomoSAR data to monitor forest
structure changes as induced by natural or anthropogenic disturbances such as logging, fire and
forest management. To do this, a methodology for characterising physical forest structure by means
of two descriptors that can be derived from TomoSAR data at L-band was used. First, a set of
simulated data from a process-based forest model was used to demonstrate the concept of the
proposed methodology. In a second step, real experimental datasets acquired over a temperate
forest in the south of Germany were employed to test the robustness and consistency of the forest
structure estimation methodology with respect to non-structural temporal changes in the forest,
together with its sensitivity to structural variations. For the validation of the achieved results,
different sources of reference data, including optical data, airborne Lidar measurements and forest
inventory data, were used.
3.2 From Tomographic SAR Measurements to Forest Structure Estima-
tion
Section 3.2.1 summarizes the principles of TomoSAR imaging for extracting vertical reflectivity
profiles from a set of images [10]. Section 3.2.2 describes the link between the extracted vertical
reflectivity profiles and physical forest structure.
3.2.1 Tomographic SAR Imaging
Provided that the frequency band employed is low enough to penetrate the canopy, multiple
SAR acquisitions over the same area with a slightly different incidence angle can allow a 3-D
reconstruction of the forest reflectivity at a given frequency and polarization. In the following,
we refer to the resolution of the SAR images as SLC (single look complex) resolution in range
and azimuth.
In particular, the set of M SAR images define vector y:
y = [y1, y2, . . . , ym] . (3.1)
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A scatterer at a given height z0 introduces a phase difference in the set of interferometric pairs




1, ejkz1z0 , ejkz2z0 , . . . , ejkznz0
]
, (3.2)
where kzi is the vertical wavenumber for the ith pair of images and is defined as follows:
kzi = − 4piB⊥i
λ r sin (θ)
, (3.3)
where λ is the wavelength; r is the distance to the scatterer; θ is the incidence angle; and B⊥i is
the orthogonal distance between two acquisitions. The maximum value of kzi gives the theoretical
vertical resolution, while the minimum gives the non-ambiguous height interval [10].






where E {} denotes the expectation; and ( )H the Hermitian or transpose conjugate operator. It
should be noted that the estimation of the expectation of a stochastic process requires several
realizations of that process, which is generally not available in real datasets. Therefore, the process
is assumed to be ergodic and E {} is approximated by spatial averaging. This spatial average or
multilook operation degrades the SLC resolution. We will refer to tomographic resolution to the
one achieved after multilook.
From the steering vector defined in Equation 3.2, the steering matrix φ is defined as:
φ = azaHz . (3.5)
Then, with Equations 3.4 and 3.5, the TomoSAR inversion problem can be expressed as [10],
[27]:
R = φT, (3.6)
where T is the reflectivity matrix whose number of rows equals the number of elements in
height, and its number of columns is the number of available polarimetric channels. Since the
number of measurements is usually lower than the number of scattering elements along the height,
the system in Equation 3.6 is underdetermined. Several tomographic algorithms, parametric or
non-parametric, can be applied to solve it and estimate the 3-D radar reflectivity. Among the
non-parametric algorithms, Fourier beamforming is coherent, energy preserving, and does not
require any a priori assumptions. However, it achieves limited vertical resolution and is prone
to ambiguities if the number of baselines is low and/or they are irregularly distributed. With
better vertical resolution capabilities, Capon beamforming is currently the standard algorithm most
widely employed in the tomographic SAR community [28]–[30]. Aiming to achieve finer vertical
resolutions, algorithms based on Compressive Sensing (CS) techniques have been proposed to solve
the underdetermined system in Equation 3.6, and have been successfully applied to urban [31],
[32] and forest scenarios [33].
It should be noted that different inversion algorithms lead to different reconstructed reflectivity
profiles. Therefore, the ability to reflect forest structure variability is may be affected by the
technique employed in the inversion [34]. In this paper, vertical reflectivity profiles were obtained




Tn is SDP ∀n , (3.7)
where T = W−1α, W is a wavelet projection matrix; α are the wavelet coefficients || ||2,1 stands for
the mixed l2,1 norm; and SDP indicates semi-definite positiveness. With this, matrix T contains
for every pixel in range and azimuth a reflectivity profile representing the distribution of scatters
along height.
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3.2.2 Forest Structure Estimation
In the following, 3-D forest structure is understood as the vertical and horizontal arrangement
of trees and/or tree elements in space. It is a critical parameter in forest ecology inherently
related to ecological processes, forest stand dynamics and forest management practices [35], [36].
Furthermore, it is an indicator of biodiversity, disturbance, growth and yield [1]. Despite the
difficulties in finding an appropriate characterization for forest structure for a wide range of
applications, spatial scales and forest types, it is commonly assumed that two essential aspects of
forest structure are the heterogeneity in the position and size of the trees within a stand. Based
on this, a systematic framework for the discrimination of ecologically significant structure classes
has recently been suggested [37], [38], which proposes two complementary measures: one for
the horizontal, and one for the vertical structure. In the literature, different measures have been
proposed for the estimation of horizontal and vertical forest structure from field data [39]–[44]. In
the following the horizontal structure HS f ield as the standard density index from [44] is used:






where N is the number of trees per hectare; and dg is the mean diameter at breast height. Regard-
ing the estimation of vertical structure VS f ield, the standard deviation of individual tree heights Hi
is used:
VS f ield = std (Hi) . (3.9)
Essentially, the horizontal structure index mainly reflects the density of the tallest trees in
the unit area considered, while the vertical structure index accounts for the diversity of tree
heights. Therefore, according to its structural complexity, a forest stand can be classified in a
horizontal/vertical plane (HV plane in the following) as shown in Figure 3.1.
FIGURE 3.1: Horizontal/vertical structure plane proposed for forest structure classification.
Particular airborne SAR techniques such as multi-aspect TomoSAR [45] or holographic SAR [46]
can reach higher resolutions and allow the estimation of individual tree profiles. However, this
paper is focused on conventional spaceborne acquisitions at low frequencies. In this case, the achiev-
able resolutions do not allow discriminating between individual trees and extracting single-tree
parameters. Therefore, any individual-based measure such as HS f ield and VS f ield in Equations 3.8
and 3.9, cannot be directly estimated from the SAR data used in this paper and instead, indirect
correspondences need to be explored to reflect forest structure. In this sense, the presence of a
group of trees of similar height is reflected in the reflectivity profiles as a number of peaks (i.e., the
maxima of the reconstructed vertical reflectivity profiles) in the range of heights occupied by the
canopy [47]. Accordingly, the characterization of forest structure by means of the 3-D distribution
of peaks in a statistical way appears sensible [34]. Following the characterization of structure from
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the field data, two complementary indices of structure were estimated from the 3-D distribution of
reflectivity peaks, one for the horizontal and one for the vertical structure.
Therefore, as a first step, the peaks for every reflectivity profile in the range and azimuth were
extracted from the radar reflectivity representing the distribution of scatters along height T. Then,
a three-dimensional (range, azimuth, height) matrix B is the defined with ones at the position of
every peak. From this matrix, the horizontal and vertical indicators were estimated.
The horizontal structure descriptor HS is related to the density of peaks in the upper layer of
the forest for a given unit structure window. This upper layer was defined as the range of heights
from Hlimit to Hmax, where Hmax is defined as the height of the highest peak and Hlimit is equal to
0.6 Hmax or 5 m, when 60% of the maximum height was lower than 5. As an example, Figure 3.2
shows the peaks obtained from the reflectivity profile and the green dots represent the peaks in the
top layer. The horizontal descriptor was then estimated for every pixel i, j in the image as the total
number of peaks in the upper layer in the unit window centered on that pixel, divided by the area










where n represents the size of the unit structure window (50 m × 50 m); the sub-index k represents
the height dimension; and A is the area in square meters of the unit structure window. It is
worth mentioning that independent of the resolution of the SLC images, the peaks of matrix B
were projected in a grid of 1 m × 1 m before counting the number of peaks in the unit structure
window. This allows us to normalize the number of peaks when systems at different resolutions
were employed.
Once the horizontal descriptor is computed for every pixel in the image, HS for the whole
image is normalized as:
HSnorm = 1− HSmax (HS) , (3.11)
where max (HS) represents the maximum in the image, or in the set of images to be compared.
Regarding the vertical structure descriptor VS, a mask of 5 m (empirically set) was first applied
to avoid peaks produced by the ground (red peak in Figure 3.2). Then, the vertical descriptor is






where S is a vector with the heights at which at least one peak is found in the unit structure
window; R is the length of S; and S represents the mean of vector S. For example, if in a given area
the heights in meters of the peaks are [30, 25, 25, 10, 10, 10, 8, 2] then S = [30, 25, 10, 8] and R = 4.
Finally, the vertical descriptor is normalized by its maximum within the image (or within the set
of images that are going to be compared). It is worth mentioning that since the vertical structure
index is reflected by the dispersion of the heights of the peaks, it is not significantly affected by
changes in the vertical resolution of the system employed. It should be mentioned that similar
measures can be found in the literature for waveform Lidar [48], [49].
Furthermore, it is important to note here that system and, even more so, seasonal or environ-
mental variability of the forest may affect the tomographic reflectivity and impact the estimation of
structure indices. However, the location of the reflectivity peaks appears to be significantly more
robust against system and environmental variability than other profile parameters [37]. This is
the reason why the estimation of the structure indices relies only on the position of the peaks and
ignores absolute or even relative intensity information.
The main steps to obtain the horizontal and vertical forest structure descriptors using multi-
baseline SAR measurements are shown in Figure 3.2.
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FIGURE 3.2: Steps to estimate forest structure using multibaseline Synthetic Aperture Radar (SAR) mea-
surements.
3.3 Simulated Data
The proposed methodology was first applied on a set of simulated data. The data were generated
in two steps. First, an individual-based forest model was used to generate the distribution of
trees within stands for different forest conditions. Second, the multi-image covariance matrix
was estimated for a set of vertical wavenumbers at a given spatial resolution. Both steps are
described below.
3.3.1 The Forest Model
Forest-gap models are well-established tools used to investigate forest dynamics, and are able to
account for processes such as growth, mortality and regeneration on the tree level, and thus able
to simulate a wide range of different forest structure types [50], [51]. In this study, FORMIND,
an individual and process-based forest gap model designed especially for tropical and temperate
forests was used. A detailed description of the model can be found in [52], [53] where an African
tropical forest parametrization was used for forest succession over 500 years on a scale of 100
hectares [54]. The advantage of employing complex tropical forest scenes in simulations is that
they show higher complexity, mainly in the vertical structure, which allows for a better assessment
of the effect of the different processes.
Six different scenarios were simulated and investigated. For each of them, FORMIND gener-
ated the full tree list including position, stem diameter and height for each individual tree. The
normalized distribution of tree heights for each of the six scenarios is shown in Figure 3.3.
The first three scenarios represent three different stages from the long term forest evolution:
• The young forest represents an undisturbed early-succession forest at an age of 50 years (see
Figure 3.4a). The majority of trees have heights between 10–18 m. The sharp mode at the
height of 18 m is partly due to the fixed height-to-stem diameter relationship used by the
forest model.
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• The mature forest corresponds to an undisturbed old growth forest in a mature state that has
reached 500 years of simulation time (see Figure 3.4b). The higher spread of the forest height
distribution (see Figure 3.3a) reflects the higher structural heterogeneity when compared to
the young forest.
• The forest after a fire event represents a forest 10 years after a fire event (which occurred in
the year 490). For each tree, a (fire) survival rate is estimated depending on tree size and
species-specific fire tolerance [52], which leads to a very heterogeneous forest landscape after
the fire that consists of disturbed and undisturbed forest patches (see Figure 3.4c). The tree
height distribution is now less uniform (see Figure 3.3a), and the number of tall trees is very
low with respect to the number of trees below 20 m, as only a few old trees survived the fire.
Moreover, in the 10 years after the fire, a dense homogeneous layer of young trees of around
15 m tall has grown beneath.
The latter three scenarios represent three different disturbance types of the mature forest:
• Logging 1 corresponds to firewood removal or “thinning from below”: all trees below 20 m
are logged (see Figure 3.5b). The effect of cutting all trees below a certain threshold is clearly
visible in the tree height distribution shown in Figure 3.3b.
• Logging 2 is an example of diseased trees or “free thinning” where 60% of the trees (indepen-
dent on their height) are randomly removed, as represented in Figure 3.5c. When 60% of the
trees are randomly removed, the tree height distribution is also affected (see Figure 3.3b), as
the more frequent heights are proportionally more penalized by the action.
• Logging 3 is the selective logging of big trees or “thinning from above” case, where 50% of the
trees above 25 m are cut, as shown in Figure 3.5d [55]. The distribution of tree heights varies,
as shown in Figure 3.3b.
FIGURE 3.3: Distribution of heights for the simulated forest scenarios: (a) three scenarios derived from a
young forest stand, after long term changes; and (b) three scenarios derived after performing a logging
action on a mature forest.
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FIGURE 3.4: Representation of simulated forest: (a) young forest: example of undisturbed forest after
50 years; (b) mature forest: example of undisturbed forest after 500 years; and (c) mature forest 10 years
after a fire event.
FIGURE 3.5: Representation of simulated forest for logging actions: (a) mature undisturbed forest;
(b) Logging 1: example of firewood removal or thinning from below; (c) Logging 2: example of diseased
trees or free thinning; and (d) Logging 3: example of selective logging of big trees or thinning from above.
3.3.2 From Simulated Forest Stands to Reflectivity Profiles
Starting from the single tree parameters, vertical reflectivity profiles were simulated. This was
implemented in a very pragmatic and simple way as the objective of this task was to demonstrate
the underlying principle rather than to assess a given performance. Given the simplifications in
the forest simulations and the modelling of the 3-D radar reflectivity, the results shown in this
section provide a first consistency test, but do not pretend to constitute on their own a sufficient
quantitative assessment of the proposed methodology.
The individual steps are described below and the flowchart is shown in Figure 3.6.
First, for every tree in the list, the distribution of biomass Btree (z) was estimated, taking into
account the height of the tree as well as the diameter of its crown and stem. In the model, the tree
canopies were assumed to be spherical and the stems cylinders for all trees. With this, the volume
at each vertical slice at 0.5 m was computed to obtain the biomass from the volume, and different
allometric equations were employed for the trunk, the crown, and tree species, using different
wood densities. Once the vertical profile of the biomass for every tree was estimated, the scene was
gridded to a given spatial resolution in range and azimuth. In the results below, a spatial resolution
of 10 × 10 m was assumed. For each grid cell, the individual contributions of the different trees
within the cell were added before applying an extinction factor σ:
Bpixel (z) = e−σ(Maximum height−z)∑tree Btree (z) . (3.13)
In the results shown in this paper, the extinction was set to 0.05 m−1. Neither interactions
between the trees nor polarimetric diversity were accounted. Once the number and distribution of
wavenumbers kzi was set, the elements of the multi-image covariance matrix Rkzi were obtained as:
Rkzi =∑z Bpixel (z) ejkziz. (3.14)
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Ten baselines were considered with kz equally distributed between 0.05 and 0.4 rad/m and a
spatial multilook of 5× 5 px was employed for the estimation of the covariance matrix. No temporal
decorrelation effects were taken into account. The reflectivity profiles T were reconstructed from
Rkzi , as discussed in Section 3.2.1.
It is worth noting that, despite much higher densities of shorter trees, tall trees produced
significantly higher values of power density in the reconstructed vertical reflectivity profiles. This
was not only due to the larger volume of taller trees, but was also a result of the applied attenuation
that blurred the presence of shorter trees in the reconstructed 3-D reflectivity.
FIGURE 3.6: Flowchart of the simulation of vertical reflectivity profiles from forest stands simulated
by FORMIND.
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3.3.3 Results and Discussion
From the retrieved reflectivity profiles, the peaks were extracted and finally, the horizontal and
vertical structure indices were estimated as per Equations 3.10–3.12. The density distribution of the
obtained indices on the HV plane are shown in Figure 3.7.
FIGURE 3.7: Density distribution of the horizontal and vertical descriptors: (a) long-term simulations
presented in Figure 3.4; and (b) logging activities presented in Figure 3.5.
Figure 3.7a shows the density distribution of the loci of the horizontal and vertical structure
indices in the HV plane for the first three scenarios; the white dots indicate the location of the
most frequent value in the histogram. The three scenarios can be clearly distinguished from each
other. The structure complexity increased significantly in the evolution from young to mature
forest (500 years later). The increase in the vertical complexity was predominant and was reflected
by an increase of the vertical structure index. At the same time, the transition from a dense layer
of younger trees to a less dense mature forest was also reflected by an increase of the horizontal
structure index.
The mature forest 10 years after the major fire event significantly decreased the vertical structure
as most of the younger trees had a similar height of around 15 m, and only a few (old) tall
trees remained. As these tall trees were scattered across the stand, they increased the horizontal
heterogeneity that is reflected by the increase of the horizontal structure index.
Figure 3.7b shows the density distribution of the loci of the horizontal and vertical structure
indices in the HV plane for the three disturbance scenarios; the white dots indicate the location of the
maximum density of each distribution. All three logging scenarios could be clearly distinguished
from each other and from the undisturbed forest cases. The different ways that trees are removed
induce different changes in the HV plane. For each change, the point cloud was translated to a
different position in the plane. In the case of Logging 1, removing trees selectively to their height
had a noticeable effect on the vertical structure complexity, which was reflected by a decrease in
the vertical structure index (with respect to the undisturbed case). In the case of Logging 2, the
random thinning increased the horizontal structure index (associated to a decrease of forest density)
combined with a significant decrease of the vertical index; reflecting the fact that given the uneven
original distribution of tree heights, the random logging affected more trees with a more frequent
range of heights (in this case, the lower ones with heights below 20 m). Finally, when a number
of tall trees with heights above a given threshold were removed, as in the case of Logging 3, the
presence of lower trees was enhanced, thus leading to an increase in the vertical structure index.
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3.4 Forest Structure Dynamics on a Real Scenario
3.4.1 Description of the Test Site
After the tests were performed using simulated data, the proposed approach was applied on real
SAR data. To achieve this, we used three quad polarimetric multibaseline datasets acquired by
DLR’s (German Aerospace Center) airborne SAR system [56], [57] in a repeat pass interferometric
mode over the same forest in 2008, 2012 and 2016. The forest selected is located in Traunstein
in the south-eastern part of Germany and constitutes a managed forest in a temperate climate,
with coniferous, deciduous and mixed stands. Due to the close-to-nature forest management
approach, the forest stands are heterogeneous in terms of structure and species richness. Figure 3.8
shows a stand classification of development stages based on field inventory data. Five major stages
were identified in this classification [58]. First, the young stage in this test site (represented in dark
blue in Figure 3.8) is mainly constituted by stands of young trees with low density. The stands in
the growth stage (represented in light blue) are fast-growing, constituted mainly by a dense layer of
short trees. It should be noted that although the polygons were classified as growth stage, they
show a high variability and in most of them, a few scattered tall trees still remain above the short
trees. The mature stage in this forest (represented in green) is formed by tall trees that are densely
and homogeneously distributed. In the transition stage (represented in orange), small trees grew
under older taller trees where the older tall trees are significantly denser than in the growth stage.
Finally, stands in the plenter stage (represented in red) have a high variety of tree heights. This
plenterwald is the most noticeable feature in terms of structure in the forest under study, and is the
result of decades of management practices aimed at boosting structure.
In terms of structure, the early stand stages, namely the young and the growth stages, refer to the
low structural complexity describing the succession from established transition until the cumulation
of growth. Increasing structural complexity is characteristic of the transition, particularly for
the plenter stage, with the highest structural complexity. Regarding the mature stage stands
in Traunstein, despite their age they exhibited a low complexity since most of the trees are of
similar height.
3.4.2 Radar Data
As mentioned above, three multibaseline datasets at the L-band were acquired over the Traunstein
area in a repeat pass interferometric mode. It should be noted that, besides taking place under
different weather and seasonal conditions (as detailed in Table 3.1), different viewing geometries,
resolutions and baseline distributions were employed for the different acquisitions. Since each of
the tomographic sets was acquired by the same sensor and in the same day (separated only by
minutes), system or environmental variability can be ignored within each of the sets. The three
tomographic sets were then processed and calibrated (geometrically and radiometrically) to the
same standards.




kz Height of Resolution
Looking Distribution1 Ambiguity2 Vertical2 Range3 Azimuth3
06/2008 E-SAR Left 5 −0.12, −0.07, 0, 0.03, 0.15 210 m 23 m 2.12 m 1.2 m
11/2012 F-SAR Right 6 −0.12, 0, 0.03, 0.04, 0.16, 0.31 209 m 15 m 1.28 m 0.6 m
06/2016 F-SAR Right 5 −0.15, −0.04, 0, 0.06, 0.15 157 m 20 m 1.28 m 0.6 m
1At the center of the SAR image; 2theoretical values for beamforming approach; and 3single look complex (SLC) resolu-
tion.
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FIGURE 3.8: (a) Classification of the test site according to different development stages. Representation
of trees distribution at the different development stages: (b) young; (c) growth; (d) mature; (e) transition;
and (f) plenterwald.
3.4.3 Reference Data
To assess the validity of the results obtained, several sources of reference data were used. Their main
specifications are summarized in Table 3.2. On the one hand, high resolution aerial optical images
(2009, 2012) as well as airborne Lidar data (2008 and 2012) were available. On the other hand, in
situ data acquired on the basis of inventory plots were considered. These sampled the area under
study following a 100 m grid, recording at each grid node the most relevant trees inside a circular
area of around 12.5 m radius. Not all trees were reported in the inventory plot, depending on their
diameter at breast height and their distance to the center of the plot [58], [59]. It is worth mentioning
that this scale is too small to allow a direct comparison on a local scale with the estimates from
radar data obtained at a scale of 50 m × 50 m.
This set of inventory plots was employed to estimate the main development stages at different
polygons previously determined and obtain the reference map shown in Figure 3.8. It should be
noted that the polygons were defined following organizational divisions and not according to
uniformity of forest type. Furthermore, the polygons included roads, paths, and other man-made
targets that introduced important alterations of the estimated structure from the remote sensing
data in the form of local discontinuities. Even if local, these discontinuities incurred significant
variations that had a non-negligible effect on the structures averaged over the polygons.
Therefore, forest stands inside the predefined polygons were subject to high variability and this
introduced uncertainties when averaging the estimated structures over the polygons.
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TABLE 3.2: Main specifications of the different sources of reference data available in this study.
Source Dates Resolution Coverage
Aerial optical image 2009, 2012 0.2 m Dense
Lidar1 2008, 2012 1 m Dense
In situ data 2009 12.5 m Sparse
1This is the spatial resolution of the canopy height model derived from the point clouds of Lidar returns.
3.4.4 Results and Discussion
Following the proposed methodology, maps of horizontal and vertical structure were generated
for 2008, 2012 and 2016, at a scale of 50 m × 50 m. First, the values of HS and VS were averaged
over the polygons, classifying the stands in the five development stages shown in Figure 3.8, the
results of which are shown in Figure 3.9. Figure 3.10 reflects how the mean values of horizontal
and vertical structure for the five different polygons considered were distributed in the HV plane
and how they varied across the three datasets.
FIGURE 3.9: Horizontal and vertical forest structure in Traunstein averaged over the five predefined
polygons, representing different growth stages. Horizontal structure in: (a) 2008; (b) 2012; and (c) 2016.
Vertical structure in: (d) 2008; (e) 2012; and (f) 2016.
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FIGURE 3.10: Distribution of the mean estimated structure in the horizontal/vertical (HV) plane for
five polygons defined in Figure 3.8 at different development stages, and its temporal evolution between
2008 and 2016.
First, it was observed that the five development stages were characterized by different signatures
in terms of structure and structure changes. They appeared at different positions in the HV plane
and their evolution in this space across the three acquisitions was also different in terms of the
magnitude and direction of the vectors representing the variations in structure. The complexity of
the different development stages (introduced in Section 3.4.1) was effectively reflected through the
vertical index. The forests at young, growth, and mature stages had low values in contrast to the
transition and the plenter stages, whose complexity was reflected by significantly higher values.
The horizontal index varies from 0.3 for the dense mature forest to 0.9 for the sparse young forest
reflecting the difference in the density of the highest trees in each polygon.
Comparing the estimated structure indices for 2008, 2012 and 2016, it was seen that in general,
they did not change significantly, given the range of variability within each stage except for the
transition and the growth stands. These two types of forest were the ones most altered by the forest
management practices and, therefore, were more dynamic in terms of structure change in such a
relatively short time span. It was interesting to observe for these two stages the different direction
of the vectors representing the variation in the values of the structure indices between 2008 and
2016. For the transition stand with an initial vertical high value and low horizontal structure value,
the value of the horizontal index increased from 2008 to 2012, and further still in 2016. On the
contrary, for the growth stage, the horizontal index decreased from 2008 to 2016.
However, to gauge the significance of these previous results, it should be observed that the
high variability inside polygons produced by the way they were defined (already discussed in
Section 3.4.1), resulted in a high dispersion of the indices around the mean values for the different
stages represented in Figure 3.10. Furthermore, the variations in structure, essentially due to forest
management actions, took place only locally and affected less than 10% of the area considered. This
fact reduced the significance of the estimated structure changes when they were averaged over
the polygons. The extent of the changes in the area were evaluated from differences in the maps
of Lidar heights from 2008 and 2012 given that the changes were only due to forest management
actions and, as a consequence, they necessarily produced a change in the height of the forest at
high resolution. Figure 3.11 shows the map of Lidar heights in 2008 (see Figure 3.11a), in 2012 (see
Figure 3.11b), and the map of absolute differences (see Figure 3.11c). In the latter, it was observed
that most of the area remained undisturbed (represented in dark blue) and changes (represented in
other colors) occurred only locally.
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FIGURE 3.11: Map of Lidar height over the test site: (a) 2008; (b) 2012; and (c) the height difference
between 2008 and 2012.
Similarly, the local extent of the variations in the forest structure was also observed in the maps
generated from the TomoSAR data (see Figure 3.12). The main patterns in both the horizontal
and vertical estimated structures were analogous, and significant variations occurred only locally.
To compare the match between the intensity and location of logging action—as identified from the
height variations with the Lidar measurements and by the changes in the maps of forest structure
estimated from TomoSAR—two classes were defined (change and no change) both for the Lidar
and TomoSAR maps. In particular, for the TomoSAR dataset, we extracted the map of change
in horizontal (or vertical) forest structure by direct subtraction of horizontal (or vertical) forest
structure estimated from the TomoSAR data in 2008 and 2012. We then estimated a single map
of structure change by aggregating the changes in the horizontal and the vertical dimensions.
To define the classes, a threshold was applied to keep only the most significant variations (the
threshold was empirically set to 0.3 in the examples provided in this Section). Regarding the Lidar
dataset, a map of change was also similarly estimated by applying a threshold (empirically to forest
height differences greater than 10 m) to the map of height differences in Figure 3.11c. The two maps
of forest change obtained from the TomoSAR data and the Lidar height were superimposed and
are shown in Figure 3.13.
It was observed that both sources highlight the same areas as more affected by changes between
2008 and 2012. Regarding the discrepancies, the differences in the extension and orientation of the
area affected by changes were mainly due to the different resolutions and geometries of the two
sources. Both sources provided the same class in 92% of the cases.
In the forest structure estimated from the TomoSAR data, four cases were distinguished by
considering the direction of the variation (horizontal or vertical):
-no change was identified either in the horizontal or in the vertical estimated structure;
-horizontal structure varied whereas vertical structure remained stable;
-vertical structure varied whereas horizontal structure remained stable;
-both horizontal and vertical structures varied simultaneously.
Results are shown in Figure 3.14. As already discussed in Section 3.3.3, different types of forest
management action led to different directions of displacement of the loci of the values of horizontal
and vertical structure in the HV plane: some changes were mostly noticeable as a variation in the
horizontal structure (light blue areas in Figure 3.14), whereas others mainly affected the estimated
vertical structure (yellow areas in Figure 3.14). To further assess the sensitivity of the proposed
methodology to identify the type of forest structure change, two examples were considered in the
following sub-sections: one for the horizontal structure change (highlighted by a black circle in
Figure 3.12 and 3.14), and one for the vertical (highlighted by a grey circle in Figure 3.12 and 3.14).
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FIGURE 3.12: Forest structure maps estimated from TomoSAR. Horizontal structure in: (a) 2008; (b)
2012; and (c) 2016. Vertical structure in: (d) 2008; (e) 2012; and (f) 2016.
FIGURE 3.13: Map of forest change as identified from Lidar height and from forest structure estimated
from TomoSAR data at the L-band.
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FIGURE 3.14: Map of forest change as identified from forest structure estimated from TomoSAR data at
the L-band and discriminating between horizontal and vertical structure variations.
3.4.4.1 First Example of Local Forest Structure Change in the Area Under Study
The first example considered is a transition stand where between 2008 and 2012 a number of
trees were logged, independent of their height, resulting in a clearing of a small area depicted in
Figure 3.15d,e, and noticeable in the optical images (see Figure 3.15a,b). It should be noted that,
even if less representative, other logging actions of different types occurred during this period and
in the area considered. For example, it was observed (in the parts highlighted by white circles) that
a few tall trees were removed, leaving the shorter trees below.
This type of logging, where trees are removed independently of their height, reduces the density
of the highest trees, while the distribution of trees according to their height before and after the
action remains essentially preserved. Figure 3.15c shows the histograms of Lidar heights within
the plot in 2008 and 2012. This can be used as a proxy of tree-height frequency distribution for
the stand. For accurate interpretation, it is worth noting that the height was estimated from the
first Lidar return associated to the highest elements of the canopy. When these tall trees were
removed, the vegetation below became apparent, which produced an increase in the number of
samples at smaller heights. Bearing this in mind, the histograms reflect the reduction of a significant
number of tall trees between 25–40 m that resulted in a flattening of the histogram, but the effect is
rather small. In terms of structure, the logging action considered in the first example essentially
produced a change mainly in the horizontal dimension, given that the density of trees in the top
layer was significantly reduced. Regarding the vertical structure, it exhibited only a slight increase
as the distribution of heights of the remaining trees was only slightly altered. This was reflected
in the maps of the estimated forest structure, as shown in the area highlighted by a black circle in
Figure 3.12, as well as in the representation of the evolution of structure indices in this area in the
HV plane (see Figure 3.16). In Figure 3.16, the vector representing the variation in the values of the
structure indices between 2008 and 2016 reflected an important increase in the horizontal direction.
This increased the significance of the changes as estimated by the structure indices. Finally, it is
worth mentioning that the results shown in this Section for this example of logging were consistent
with the results obtained in Section 3.3.3 for the simulated scenario where a number of trees were
removed randomly independent of their height (Logging 2).
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FIGURE 3.15: Main type of forest logging in the area considered in the first example of forest change.
Optical images of the area in: (a) 2009; (b) 2012; and (c) a histogram of Lidar heights in the area consid-
ered in the first example of forest change in 2008 and 2012. Representation of local tree distributions (d)
before; and (e) after logging.
FIGURE 3.16: Evolution of the estimated structure for the two examples of local areas considered from
2008 to 2016.
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3.4.4.2 Second Example of Local Forest Structure Change in the Area Under Study
In the second example, a number of tall trees were logged in a transition stand, leaving shorter
trees mainly undisturbed. This can be observed in the optical images, particularly in the shadows
of the tall trees on the road crossing the stand (see Figure 3.17a,b). As in the first example, it should
be noted that other logging actions of different types have occurred in this area in the period
considered. For example, a local clearing can be clearly observed (highlighted by a white circle).
In this case, the number of tall trees decreased; but, in contrast with the previous example, since
the shorter trees were not removed the distribution of tree height was modified. Accordingly, Fig-
ure 3.17c shows the histograms of Lidar heights in 2008 and 2012 indicating a significant reduction
in the tree heights ranging between 25–40 m, where at the same time there was a noticeable increase
in the tree heights between 5–15 m: the presence of two modes was significantly enhanced. Conse-
quently, this type of logging increased the vertical heterogeneity and hence the vertical structure
index, as shown in Figure 3.16. Horizontal structure increased as long as some trees in the top layer
were still preserved. This was also implied in the forest structure maps shown in Figure 3.12, and
in the HV plane in Figure 3.16 by the difference in the direction of the structure change vector in
the two examples considered. This result is consistent with the results obtained for the simulated
scenario, defined as Logging 3, in Section 3.3.3.
FIGURE 3.17: Main type of forest logging in the area considered in the second example of forest change.
Optical images of the area in: (a) 2009; (b) 2012; and (c) the histogram of Lidar heights in the area
considered in the second example of forest change in 2008 and 2012. Representation of local tree
distribution (d) before; and (e) after logging.
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3.5 Conclusions
In this paper, a methodology to detect and interpret forest structure changes using L-band tomo-
graphic SAR acquisitions was proposed and tested. The link between the L-band tomographic-
reconstructed 3-D forest reflectivity, which may depend on acquisition and instrument parameters,
and the physical forest structure was established by using a recently introduced 2-D (i.e., hori-
zontal and vertical) structure characterization concept [37], [38]. Accordingly, a pair of vertical
and horizontal structure indices was defined derived from the 3-D distribution of the peaks of the
reconstructed reflectivity function [34]. It was then possible to represent different forest structure
conditions on a two-dimensional HV structure plane defined by these two indices. In this sense,
different changes in forest structure can be represented on the HV structure plane by vectors with
different directions and magnitudes. The length of the vector was associated to the extent (or
amount) of structure change, while its direction represented the change in the distribution of trees
occurring depending on their height.
The sensitivity and consistency of the proposed structure indices to natural or anthropogenic
variations in forest structure was tested on simulated as well as real experimental data. The
application of the proposed methodology on simulated data—despite the simplifications in the
derivation of the 3-D reflectivity from the FORMIND simulations—allowed us to demonstrate
the underlying principle for a large diversity of forest structure scenarios. Furthermore, it was
shown that changes in forest structure caused either by natural (undisturbed) forest evolution, or
by disturbances such as a fire event or different logging scenarios, impacted in different ways on
the horizontal and vertical forest structure, and that these changes were projected into the two
proposed structure indices.
The proposed methodology was then applied to three sets of tomographic L-band data acquired
over the same temperate forest (Traunstein) in 2008, 2012 and 2016 with the aim of validating its
ability to detect structural changes occurring in the time between the acquisitions. During this time,
the main changes in the site were triggered by natural evolution as well as forest management
in terms of logging selected trees and the opening of paths at local scales. For the interpretation
and validation of the achieved results, different sources of reference data were available: airborne
Lidar measurements, high resolution optical images, and forest inventory data. The results clearly
showed that even subtle changes in the vertical as well as horizontal structure of the individual
stands were reflected in the 3-D L-band reflectivity, and thus in the derived horizontal and/or
vertical structure indices. The obtained forest structure maps were comparable and consistent;
between them, they exhibited similar global behavior and the differences occurred only locally, as
expected and confirmed by the reference data. Local changes were distinctly identified as variations
in the estimated structure descriptors; and, consistent with the simulated scenarios, logging of
different natures led to different directions of the change vectors on the HV structure plane, even by
using data acquired by two different SAR sensors (E-SAR in 2008, and F-SAR in 2012 and 2016) with
different viewing geometries, different spatial resolutions, and different spatial track distributions.
It was then verified, at the L-band, that the fact that the definition of the two structure indices
relied only on the 3-D location of the reflectivity peaks made them more robust against variations
in the shape of the reflectivity profiles induced by non-structural variability, as long as the main
scattering contributions associated with the reflectivity peaks did not change their location.
A drawback in the estimation of forest structure and forest structure changes in real scenarios
through statistical measures like the ones employed in this paper is the non-uniformity of the
stands that induces border effects. These discontinuities might be caused by the presence of
contributions not due to vegetation, such as a road, path, or other man-made targets, but also by
structure distributions changing rapidly in space. The extent of the variations introduced by these
discontinuities in the forest structure indices was partly determined by the scale of the structure unit
window employed. However, the dimensions of this window were difficult to set optimally with
no a priori information, since this is site-dependent. Furthermore, a compromise exists between
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spatial resolution and accuracy of the indices, besides other considerations on system resolution.
The effect of scale in the indices will be further addressed in future studies.
Finally, it should be pointed out that a critical point in forest studies with real data is validation.
In this paper, field inventory data, Lidar measurements, and high resolution optical images were
extensively cross-checked. However, as discussed and justified, the usability of the available field
data for quantitative validation was insufficient. Other scenarios with field information at larger
scales that are more compatible with remote sensing studies are available, but the temporal series
of multibaseline SAR data have yet to be acquired.
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Abstract
Forest structure is a key parameter for forest applications, but it is difficult to be estimated at
the required spatial and temporal scales. In this context, synthetic aperture radar Tomography
(TomoSAR) that allows, at lower frequencies, the 3-D imaging of natural volume scatterers with
high spatial and temporal resolution may be a game changer. The aim of this article is to evaluate
three TomoSAR algorithms, Fourier beamforming (FB), Capon beamforming (CB), and Compressive
Sensing (CS) with respect to their performance in the reconstruction of the 3-D forest reflectivity.
The implications of volumetric forest scattering, as well as the temporal decorrelation of scatterers,
are analyzed. The algorithms are compared on a set of simulated scenarios and then evaluated
on an experimental L-band data set composed by four acquisition dates, each one consisting of
five tomographic tracks. The data were acquired in 2014, within a time span of two months,
over the Traunstein forest (Germany) using the F-SAR system. Additionally, discrete airborne
Lidar has been used for a qualitative evaluation. The results indicate that the CS reconstruction
is, for many practical cases, superior when compared to FB or CB reconstructions as they achieve
higher vertical resolution, especially in cases with a lower number of acquisitions and complex
forest scenarios. By combining acquisitions performed at different days, the effect of temporal
decorrelation on each algorithm for two different tomographic implementations (repeat-pass vs
single-pass) has been assessed. The results indicate that simultaneously acquired image pairs allow
a better reconstruction of the 3-D forest reflectivity.
4.1 Introduction
Forest structure is a critical forest parameter [1] that characterizes the successional stage, the
development, the sustainability, the productivity [2], the biomass [3] and the biodiversity of a
forest [4]–[6]. Moreover, the change of forest structure is an indicator of dynamic processes like
the natural regeneration and growth, as well as the natural or human disturbances on it. The
knowledge of forest structure and its evolution is important to model the development of forest
ecosystems, e.g., in order to develop robust biomass estimators [7] or for assessing carbon fluxes
associated with forest functionality [8].
Traditionally, forest structure characterization relies on sampling at local scales by means of
field inventory plots. More recently, terrestrial laser scanning techniques able to catch the three-
Dimentional (3-D) arrangement of vegetation compartments [9] have been used for this purpose as
well. However, any extrapolation to larger scales depends on the ability of these measurements
to represent their surrounding landscape. At the same time, the temporal continuity of such
plot measurements is difficult to be established. Remote sensing techniques have the potential
to overcome these limitations and to provide 3-D forest structure measurements over large areas.
Nowadays, two remote sensing techniques allow the realization of 3-D forest measurements:
Lidar (in full-waveform or high-density discrete-return configurations) [10]–[15] and synthetic
aperture radar (SAR). In particular, for SAR configurations, Polarimetric SAR Interferometry (Pol-
InSAR) [16] and SAR Tomography (TomoSAR) [17] are two techniques that allow extracting 3-D
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structure information. Pol-InSAR has been demonstrated in several experiments its value in the
estimation of model-based forest structure parameters, e.g., forest height [18]. TomoSAR is an
imaging technique that provides the full 3-D distribution of the backscattered power. Although
studies of forest applications with TomoSAR are quite new, the potential of TomoSAR systems to
estimate forest structure in temperate [19], [20] as well as tropical forest [21] in correspondence with
Lidar and ground measurements have been pointed out. Therefore, in the present day, TomoSAR
implementations at lower frequencies appear very attractive as they allow continuous 3-D forest
structure measurements with high spatial and temporal resolution over large areas [22].
For the reconstruction of the 3-D radar reflectivity SAR Tomography relies on a set of multi-
angular acquisitions acquired at the same (referred as single-pass TomoSAR) or at different times
(referred as repeat-pass TomoSAR). One critical element in the tomographic processing chain is
the selection of the reconstruction algorithm. The tomographic reconstruction algorithms can be
separated into three main groups: model-based (or parametric), model-free (or nonparametric),
and hybrid algorithms.
Model-based algorithms parameterize the vertical reflectivity profile, i.e. a vertical slice through
the 3D reflectivity, in terms of geometrical and scattering properties [23]. The reflectivity profile is
then calculated using the estimated individual model parameters. Examples are multiple signal
classification (MUSIC) [24], [25], weighted subspace fitting (WSF) [26], and covariance matching
estimator (COMET) [27], [28]. The assumed model is critical for the physical meaningfulness of
the profiles and for avoiding interpretation ambiguities. However, more accurate parameteriza-
tions require higher dimensional models that may turn into underdetermined or ill-conditioned
problems.
Model-free algorithms estimate the 3-D reflectivity without making assumptions on the struc-
ture of the data or using models to describe them. Algorithms in this category attempt to directly
invert the Fourier relationship between data and the reflectivity profile. This allows the achieve-
ment of less constrained results, but makes their interpretation less straightforward. Fourier
beamforming [29] and Capon beamforming [30] are probably the most used model-free tomo-
graphic algorithms. Their performance depends primarily, but not only, on the regularity of the
available track distribution.
Finally, hybrid algorithms make no assumptions on the imaged scatterers, but they introduce
constraints in the inversion. The coherence tomographic approach introduced in [31] expresses the
reflectivity profiles as a weighted sum of a series of orthogonal functions, and the tomographic
inversion consists in the estimation of the coefficients. Compressive sensing techniques follow a
similar approach, with the additional constraint of sparsity (i.e. only few a nonzero coefficients) [32]–
[37]. Other constraints can be imposed to improve the estimation of some profile features [38], [39].
In the particular case of forest scenarios, a vertical reflectivity profile is typically a continuous
distribution of backscattered power due to the volumetric nature of scattering. In this context, the
availability of a large number of images is a critical requirement for an accurate reconstruction
of the reflectivity profile. However, TomoSAR data sets are typically constituted by a rather
small number of images acquired with irregular track spacings, essentially due to flight or orbital
time constraints. In this context, the TomoSAR inversion problem in forest scenarios becomes
underdetermined in most cases. All available TomoSAR algorithms can also operate in the presence
of this underdetermination, but the adopted design criteria reduce the reconstruction performance.
This can result in increased ambiguities in the interpretation of the estimated profiles.
This article aims to evaluate the suitability and performance of three TomoSAR model-free
algorithms, namely FB, CB and CS, to reconstruct the 3-D reflectivity for forest structure applications
at lower frequencies. Simulated test scenarios and real tomographic SAR data at L-band are used
to evaluate the performance of the three algorithms. FB and CB are selected because they do not
rely on any data model or assumption, which allows a more general analysis. Moreover, they are
widely used and very popular in the TomoSAR community. Regarding CS, it has been extensively
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used in urban scenarios (pointlike scatterers) with great results but its use over volumetric media is
still not sufficiently understood.
An additional issue arises from the inability of actual tomographic (especially spaceborne)
configurations to acquire the whole set of tomographic acquisitions simultaneously. This constraint
introduces temporal decorrelation that, in most cases, compromises the reconstruction performance.
For this, the effect of temporal decorrelation on the performance of the three reconstruction
algorithms is also discussed. To analyze this, two different decorrelation scenarios, associated to
different tomographic implementations are discussed. The first scenario refers to a conventional
repeat-pass tomographic implementation where each acquisition is performed at a different time.
The second scenario refers to a tandem-like tomographic implementation where each acquisition
consists of a pair of images acquired simultaneously [22], and the tomographic data set is built-up
by a number of such image pairs.
The article is organized as follows: Section 4.2 describes the basic principles of SAR tomography
and the three TomoSAR algorithms addressed. In Section 4.3, the three algorithms are applied and
evaluated on simulated scenarios. In Section 4.4, the three algorithms are applied and assessed
on experimental TomoSAR data sets. In this section, the impact of a nonuniform acquisition
distribution is discussed; moreover the effect of temporal decorrelation on the tomographic recon-
struction performance is analyzed and evaluated for different tomographic configurations for all
three algorithms. Finally, the conclusions are drawn in Section 4.5. Additionally, a ranking of the
algorithms is given in the Appendix 4.6.
4.2 SAR Tomography
Due to their ability, especially at lower frequencies, to penetrate into and through the canopy and
forest layers, radar pulses interact with different vegetation elements at different heights within
the forest volume and with the underlying ground. A single SAR image however, represents
only a two dimensional (2-D) projection of this 3-D scattering process [40]. The availability of a
set of images acquired under slightly different incidence (or look) angles (see Figure 4.1) allows
the reconstruction of the 3-D scattering process by means of the 3-D radar reflectivity employing
tomographic techniques [17].
FIGURE 4.1: Geometry of the tomographic SAR configuration. Bmax and Bmin represent the maximum
and minimum distance between each acquisition, respectively. The distance to the scatterer is rep-
resented by r and θ is the incidence angle. Red boxes: resolution cell, characterized by the vertical
resolution δz (see 4.5), the cross range resolution δc and the slant-range resolution δr. Blue boxes:
ambiguities of the desired signal that appear at the distance zamb (see 4.6).
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4.2.1 SAR Tomography: Problem Statement
A tomographic data set is composed by M, coregistred and phase calibrated [17], single-look
complex (SLC) SAR images acquired with slightly different incidence (or look) angles along
spatially displaced tracks (or orbits) [17]. For a given range-azimuth coordinate, the SLC image
amplitudes {ym}Mm=1 can be arranged in form of a (column) data vector y as
y = [y1, . . . , yM]
T (4.1)
where (·)T denotes the transpose operator.
For each SLC image pair, the following Fourier relationship holds between the covariance and
the vertical density of backscattered power F (z), also called vertical reflectivity profile [16], [40]
E{ymy∗n} =
∫
F (z) ejkz(m,n)zdz (4.2)
for m, n = 1, . . . , M , where E{·} denotes the statistical expectation operator and (·)∗ the complex
conjugate. The socalled vertical wavenumber kz (m, n) expresses the sensitivity (i.e. the derivative)
of the phase of E{ymy∗n} to a height change [16], [17], [40] and can be expressed as
kz(m, n) =
4 pi ∆ θ (m, n)
λ sin(θ)
(4.3)
where ∆θ (m, n) is the incidence-angle difference associated with the pair formed by the mth and
the nth acquisitions, λ is the wavelength, and θ is the incidence angle. By increasing the spatial
separation between the tracks B (m, n) , ∆θ (m, n) and consequently kz (m, n) increase.
Equation 4.2 states that each image pair is associated with one spectral sample (i.e. a covariance)
of F(z) in the vertical wavenumber domain. Accordingly, the whole tomographic data set provides
several spectral samples, that can be collected in an (MxM)-dimensional covariance matrix R :=
E{yyH} with
[R]m,n = E{ymy∗n} (4.4)
where (·)H indicates the Hermitian operator. It should be noted here that the estimation of the
expectation of a stochastic process requires several realizations. This is in general not possible in
real SAR data sets. However, assuming ergodicity, the statistical expectation is approximated by
averaging neighboring samples within a range-azimuth (multilook) cell.
The TomoSAR inversion problem can be stated as the estimation of F(z) through the inversion
of the Fourier relationship 4.2 given a multilook estimate Rˆ of R.
With reference to Figure 4.1, two important parameters that characterize the TomoSAR inversion
can be derived. The first one is the vertical Rayleigh resolution δz , which is inversely proportional





The second one is due to the finite sampling in the wavenumber domain, which causes the
appearance of replicas of F(z) in any of its estimates. The width of the non-ambiguous TomoSAR





where kz,min = minm,n{kz(m, n)}. kz,max and kz,min are directly proportional to the maximum and
minimum track displacements Bmax and Bmin , respectively.
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4.2.2 Tomographic Algorithms
From 4.2, the TomoSAR inversion can be addressed as a spectral estimation problem [29], [30], [41].
The integral in 4.2 can be discretized on a set of H heights {zi}Hi=1, and estimates Fˆ(zi) of F(zi) are
obtained from the solution of a system of M2 equations and H unknowns [34]
r = Af. (4.7)
In 4.7, r = vec(R) expresses the vectorization of R , i.e. an M2-dimensional column vector
obtained as the stack of the columns of R each one on top of the other, and f is an H-dimensional
column vector with generic element [f]i = F(zi). The (M
2xH)-dimensional matrix A is the so-called
steering matrix defined as
A = [ejvec(K)z1 , · · · , ejvec(K)zH ] (4.8)
i.e. each column is obtained from the vectorization of the matrix (MxM)-dimensional matrix K
with generic element [K]m,n = kz(m, n).
Volume scatterers are characterized by a continuous and extended vertical distribution of
backscattered power. In this case, the number of available images M is in general too small to allow
a determined inversion problem for the required H. In order to deal with this underdetermination,
two approaches can be followed:
1. The first approach estimates the vertical reflectivity profile F(zi) as the output power of a
filter, whose response is defined by a (height-varying) M-dimensional set of coefficients h(zi).
In this case F(zi) = E{|hH(zi)y|2} leading to estimates of the form [29]
Fˆ(zi) = h(zi)HRˆh(zi). (4.9)
The generic h(z) should pass undistorted the backscattering contribution at zi only, and at
the same time cancel all the interfering contributions at the other heights. The rather small M
prevents a complete cancellation. Thus, the choice of h(z) affects the final vertical resolution
and the contrast (i.e. the sidelobe level) of Fˆ(z) , as well as the estimation performance. FB
and CB are such filter-based algorithms.
2. The second approach, to get the vertical reflectivity profile F(zi), directly inverts the system
in 4.7, by assuming that F(z) is sparse if expanded onto a given function basis. This means
that only a low number of nonzero expansion coefficients are needed for the estimation of
Fˆ(zi) by means of CS techniques. In this way, the underdetermination is directly resolved.
4.2.2.1 Fourier Beamforming
In Fourier Beamforming (FB), a filter at a given height is designed assuming that the scattering
contributions at all the other heights to be canceled are of equal power. This is equivalent to white
noise, and therefore, from 4.9 the total power to be minimized is simply hHh. As a consequence,
the filter design criterion becomes [29], [30], [41]:
hBF(z) = arg minh [h
H(z)h(z)] subject to hH(z)a(z) = 1. (4.10)
In 4.10, a(z) is the steering vector, calculated from the first column of K with the generic element:
[a(z)]m = ejkz(m,1)z. (4.11)
a(z) contains the phase differences of all images (e.g. acquisitions) with respect to the first one, and
represents the backscattered signal generated by an elementary (pointlike) scatterer at a generic
height. The solution of 4.10 is
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hBF(z) = a(z)/M. (4.12)
By using 4.12 in 4.9, it follows that the resulting estimate FˆFB(z) is the squared absolute value of
the discrete Fourier transform (DFT) of the data vector 4.1 averaged over the multiple looks [29],
[41]. Similarly, FˆFB(z) corresponds to the direct DFT of the covariance sample weighted by a
(triangular shaped) Bartlett window [42]. It is worth noting that the equivalence to the DFT is
strictly valid for uniformly distributed wavenumbers, and FB is the algorithm closest to a direct
inversion of 4.2.
The FB estimation process is linear and stationary, i.e., the FB profile of a sum of scattering
contributions equals the sum of the individual FB profiles obtained with the same filter 4.12.
Accordingly, FˆFB(z) can be interpreted as the convolution of F(z) with the TomoSAR point spread
function (PSF), i.e., the FB profile of a pointlike scatterer, that depends only on the wavenumber
distribution. Thus, the vertical resolution of the FB estimate corresponds approximately to the
Rayleigh resolution 4.5 [29]. The sidelobe level and the wavenumber distribution reflected in the
PSF affects the radiometric accuracy. Especially for nonuniformly distributed wavenumbers, the
resulting sidelobes complicate the geometric interpretation and bias the radiometry. Indeed, the
main lobes of weak scatterers can be confused with or masked by the sidelobes of stronger ones
depending on the height difference of the two scatterers compared to the vertical resolution.
4.2.2.2 Capon Beamforming
CB [43] allows a higher vertical resolution and lower sidelobes levels than FB [30]. Like FB, it is
based on a filter design criterion, but in this case, the filters are defined adaptively to the data [29]
hCB(z) = arg minh [h
H(z)Rˆh(z)] subject to hH(z)a(z) = 1. (4.13)
The adaptation to the data is guaranteed by the minimization of the true filter output power





The CB estimate of the reflectivity profile FCB(z) is obtained by using 4.14 in 4.9.
For each fixed height z , CB minimizes the interference of the contributions at different heights
by placing proper nulls in the response of hCB(z) . From 4.14, it is apparent that the adaptation
makes the filter response change with both height and distribution of scatterers. The vertical
resolution changes accordingly, and it is typically better than the Rayleigh one. At the same
time, the improvement in resolution is achieved at the cost of a poorer radiometric accuracy [44].
Inaccuracies in Rˆ (e.g., due to a low number of looks) and/or residual phase errors may lead to a
partial cancellation of meaningful scattering contributions [45]. In order to reduce these problems,
the adaptation is reduced by applying a diagonal loading to the covariance matrix introducing a
factor ρ as
RˆCB = Rˆ+ ρIM (4.15)
where IM is the identity matrix of order M. RˆCB is then used in 4.14 for the calculation of the filter.
The higher ρ , the closer becomes FˆCB(z) to FˆFB(z).
Radiometreically, especially for pointlike scatterers, CB can be even more accurate than FB as a
direct consequence of the higher vertical resolution [29], [43]. However, CB is not optimized for
volume scatterers where the nulling process of the filter becomes less effective, leading to less accu-
rate power estimates. Depending on the wavenumber distribution, strong volume decorrelation
levels may require the employment of larger loading factors, reducing the adaptation capability.
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However, even in these critical situations, the use of CB may still be preferable to FB due to the
better attenuation of sidelobes even for nonuniform wavenumber samplings with unfavorable PSF.
4.2.2.3 Compressive Sensing
More recently, approaches based on CS techniques [46] have been proposed to resolve the underde-
termination of the equation system in 4.7 due to the limited amount of covariance samples [32]–
[36]. According to CS theory, a TomoSAR profile can be reconstructed from a low number of
covariance samples under the assumption that (1) the profiles are sparse, meaning that they have a
low number of nonzero coefficients, and (2) the matrix A fulfills the restricted isometry property
(RIP). This property essentially requires that matrix A approximately behaves like an orthonormal
system [47]–[49].
The sparsity condition is too restrictive, and most of the profiles of interest do not fulfill it.
However, the application of CS techniques can be extended to compressible profiles, i.e., profiles
that produce a sparse representation when projected on an appropriate sparsifying basis. This is
assumed to be the case for F(z) , as close-by power contributions are expected to be correlated.
Indeed, the projection onto an appropriate wavelet basis provides a sparse expansion of the
reflectivity profiles in forest scenarios [50]. With reference to 4.7, by denoting W the (HxH)-
dimensional matrix whose columns are the first H functions of the wavelet basis evaluated at
{zi}Hi=1 , the H-dimensional vector of the sparse wavelet coefficients α results
α = Wf (4.16)
and 4.7 can be rewritten as
r = AW−1α. (4.17)
The estimation of f requires to obtain an estimate αˆ of α, that can be formalized by means of the
following constrained minimization problem:
αˆ = argminα‖α‖2,1 subject to ‖r−AW−1α‖F ≤ ε. (4.18)
In this article, the minimization is performed by means of nonlinear reconstruction in the form
of a disciplined convex programming [51] under the additional condition that all elements of f are
positive. In 4.18 ε is an upper bound for the error allowed in the estimation (model mismatch), and
‖ · ‖2,1 and ‖ · ‖F stand for the mixed (2,1) and Frobenius norm, respectively. Equation 4.18 can
further be expressed as [49], [52]
αˆ = argminα[τ∑ ‖α‖2,1 + µ‖r−AW−1α‖F] (4.19)
where τ and µ are two weighting parameters controlling the balance between sparsity and accuracy
of the estimation. For the results presented in this paper τ is set to 2 and µ to 0.5. The minimization
in 4.19 is associated with a higher computational cost compared to FB and CB.
Finally, after α is estimated, the CS estimate of the reflectivity profiles FˆCS(z) is obtained as
f = W−1α.
The most critical step of the application of CS inversion to forest volume scatterers is the choice
of an appropriate (wavelet) basis that can guarantee a sufficiently sparse set of coefficients for
a wide variety of reflectivity profiles. If sparsity in the expansion basis is achieved, the CS is
expected to increase the probability of locating weak scatterers. On the contrary, if sparsity is not
achieved, the estimated CS profile may not reflect a continuous distribution of scatterers. This can
produce artifacts in the form of false local maxima in the estimated profiles, causing interpretation
ambiguities. In this article, a Symmlet wavelet with four vanishing moments and two levels of
decomposition is used [50].
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4.3 Simulations
The three tomographic algorithms introduced in Section 4.2 are first compared by means of
simulated analyses, that allow a direct comparison of individual isolated characteristics, which is
often not possible with real data. The performance in the estimation of the reflectivity of extended
volume scatterers is evaluated under certain constrains and acquisition geometry imposed by the
capabilities of actual or near-future remote sensing tomographic missions.
The algorithms are compared on four scenarios defined to evaluate: the achieved vertical
resolution, the ability to detect weak layers (scatterers), the stability with respect to an irregular
wavenumber distribution and the performance loss as a consequence of a reduced number of
acquisitions. The vertical reflectivity profiles consisting of different canopy layers are simulated
using Gaussians. The power of the Gaussian refers to the density of scatterers in the canopy layer
while its width refers to its vertical extension. Figure 4.2 shows an example of a forest with two
canopy layers and its simulated reflectivity profile F(z).
For computing the steering vector a(z) , the number and distribution of tracks, as well as the
interval of heights, need to be established. For all the simulations, H is equal to 128 samples
from 0 to 64 m and five tracks with a uniform kz distribution between 0 and 0.4 rad/m have been
used providing a δz of 15.7 m and a zamb of 63 m. These values have been chosen to be similar
to the ones of the real data used in Section 4.4. The multibaseline covariance matrix R is then
obtained according to (7), and then, the FB, CB, and CS algorithms have been applied to estimate
the reflectivity profile Fˆ(z).
FIGURE 4.2: Simulation of the ideal reflectivity profile of a forest of two canopy layers and the ground.
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4.3.1 Resolution: Two Layers at Varying Distance
The first simulation scenario aims to test the vertical resolution achieved by the three algorithms
and their ability to distinguish layers with decreasing distance between them. Figure 4.3(a) shows
the simulation scenario where two layers, a canopy layer, and a ground layer, both with the same
power and a width with a standard deviation of 3 and 5 respectively, are coming closer to each
other. The axes are given in terms of the Rayleigh resolution associated with the given number and
distribution of vertical wavenumbers.
The reconstruction results achieved by the three algorithms, FB, CB, and CS, are shown in
Figures 4.3(b),(c) and (d), respectively. In Figure 4.3(e), a (power) normalized vertical slice of the
original and of the three reconstructions at 0.5 Rayleigh resolution are shown.
As expected, FB achieves the coarser resolution being able to distinguish the two layers only
above the Rayleigh resolution. With CB the separation of the two layers is possible around 0.75
Rayleigh resolution, while CS is able to separate the two layers up to 0.45 Rayleigh resolution. This
becomes clear in Figure 4.3(e): CS is able to distinguish clearly the two layers while CB and FB get
only one.
CS also achieves a better contrast between the layers and the background. Due to the higher
contrast of CS, very small local maxima could be interpreted as false layers. However, the power
of these false layers is negligible compared to the main one and almost not visible. It is worth
noting that the power ratio between the two layers is biased in all three reconstructions: FB and CB
underestimate the power of the lower layer by 1.7 dB across the whole range of height distances.
CS also underestimates the power of the lower layer on average about 0.8 dB, but the amount of
underestimation varies with the distances of the two layers. When the layers are far from each
other, the reconstructed reflectivity power is accurate. However, as soon as the layers are getting
closer, the power estimates are becoming biased (up to -1.7 dB). Finally, for very close layers the
reconstructed reflectivity power becomes accurate again.
FIGURE 4.3: Simulated and estimated reflectivity profiles as a function of the distance between the
layers. (a) Simulated scene, estimation provided by (b) FB, (c) CB and (d) CS. (e) Profile extracted from
(a) to (d) in the simulation corresponding to the white dashed line. A Height resolution unit corresponds
to 15.7 m.
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4.3.2 Canopy Layers with Different Width and Relative Power
The second simulation scenario aims to test the ability of the three algorithms to detect a weaker
layer (scatterer) in the presence of stronger ones. The simulation scenario is shown in Figure 4.4(a):
Two canopy layers and one ground layer are considered. In the upper part a wide canopy layer is
used, while for the lower heights a narrower one of the same power is simulated. In between these
two layers, a second canopy layer of constant width but, from left to right, decreasing power is
used. The x-axis indicates the power ratio between the middle and the lower (as well as higher)
layer. The distance between the three layers remains constant at about Rayleigh resolution between
neighboring layers.
The reconstruction results achieved by the three algorithms, FB, CB and CS, are shown in
Figures 4.4(b), (c) and (d), respectively. In Figure 4.4(e), a (power) normalized vertical slice of the
original and of the three reconstructions are shown. The profiles in Figure 4.4(e) correspond to the
simulation where the middle layer has -3 dB less power than the other layers. For a power ratio
bellow -3.8 dB, FB is not anymore able to detect the middle layer, while CB is able to detect it down
to a power ratio of -4.15 dB. CS is able to detect the weaker middle layer up to a power ratio of -10
dB. The superior CS performance is clearly visualized with the profiles in Figure 4.4(e).
Similar as in the first scenario, the CS reconstruction achieves a better contrast between the
layers and the background allowing a better discrimination of the canopy layers. With respect to
the power reconstruction of the three layers all three algorithms provide biased results for the layer
located at the bottom. More in detail, CS underestimates its power by 1.5 dB, which become 3 dB
for FB and CB.
FIGURE 4.4: Simulated and estimated reflectivity profiles as a function of the different power between
the layers. (a) Simulated scene, estimation provided by (b) FB, (c) CB and (d) CS. (e) Profile extracted
from (a) to (d) in the simulation corresponding to the white dashed line. A Height resolution unit
corresponds to 15.7 m.
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4.3.3 Irregular Vertical Wavenumber Distribution
The third simulation scenario aims to test the stability of the three algorithms with respect to an
irregular wavenumber distribution. The three layers have the same power and width and are
separated by one Rayleigh resolution. By starting from the used baseline case of five uniformly
distributed vertical wavenumbers between 0 and 0.4 rad/m, the distribution is distorted as shown
in Figure 4.5(a). The reconstruction results achieved by the three algorithms, FB, CB, and CS, are
shown in Figure 4.5(b), (c) and (d), respectively. In Figure 4.5(e), a (power) normalized vertical
slice of the original and of the three reconstructions are shown. The FB results are strongly affected
by the nonregular distribution of the available wavenumbers. The position and amplitude of the
sidelobes of the PSF change with the wavenumber distribution. As a consequence, the visibility,
width, and intensity of the main lobes of each scatterer are strongly affected by the superposition
of the sidelobes of the other scatterers. Due to the limited vertical resolution and despite linearity,
the radiometric accuracy can be lost even in the cases in which the three scatterers are visible. The
CB results are more stable as the three layers are reconstructed at the right heights for all available
wavenumber distributions. Even more, the relative power of the three layers is well preserved, but
not their width. The CS reconstructions appear to be more stable with respect to the variation of
the wavenumber distribution, allowing the reconstruction of the three layers at the right heights
with the highest contrast between the layers and the background. In addition, the width of the
layers is well preserved while the reconstruction of the power across all available wavenumber
distributions shows a small, but larger than the one obtained by CB, variability. This behavior of
the three reconstructions is clearly visible in the profiles in Figure 4.5(e).
FIGURE 4.5: Simulated and estimated reflectivity profiles as a function of a nonuniform distribution
of five vertical wavenumbers. (a) Vertical wavenumber distribution along the simulations, estimation
provided by (b) FB, (c) CB and (d) CS. (e) Profile extracted from (a) to (d) in the simulation corresponding
to the white dashed line. A Height resolution unit corresponds to 15.7 m.
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4.3.4 Different Number of Vertical Wavenumbers
The fourth and last simulation scenario aims to test the robustness of the three algorithms with
respect to the number of available acquisitions. For this, a scattering scenario consisting of two
canopy layers of the same power and width separated by one Rayleigh resolution and a third
ground layer of the same power, but smaller (half) width, located a half Rayleigh resolution below
the lower canopy layer is considered (see Figure 4.6(a)). This scenario is reconstructed by the
three algorithms for a changing number of vertical wavenumbers kz: from 2 up to 14 uniformly
distributed between 0 and 0.4 rad/m. The reconstruction results achieved by FB, CB and CS, are
shown in 4.6(b), (c) and (d), respectively. In 4.6(e), a (power) normalized vertical slice of the
original and of the three reconstructions are shown for the case of five vertical wavenumbers.
For all numbers of vertical wavenumbers, FB gets the poorest vertical resolution resulting in a
widening of the layers, followed by CB and CS. The higher contrast between the layers and the
background characterize the CS results. The CS results are affected by artificial local maxima that
could be interpreted as false layers. However, the power of these artificial maximas is about 10 dB
lower than the true ones and allows a clear discrimination. For FB, the increase of the number of
vertical wavenumbers beyond five has only a small effect on the retrieved profile. FB is not able to
distinguish between the two lower layers as their distance is smaller than the Rayleigh resolution.
In the case of CB and CS, the reconstructed layers become narrower with increasing the number of
vertical wavenumbers. However, both CB and CS underestimate the power of the ground layer,
i.e., in the case of the five vertical wavenumbers, the power of the ground for CB as well as CS is
around -2 dB less than the expected one.
FIGURE 4.6: Simulated and estimated reflectivity profiles as a function of the number of uniform
distributed vertical wavenumbers. (a) Simulated scene, estimation provided by (b) FB, (c) CB and (d)
CS. (e) Profile extracted from (a) to (d) in the simulation corresponding to the white dashed line. A
Height resolution unit corresponds to 15.7 m.
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4.4 Real Data
4.4.1 Data Set
The data collected in the frame of a multi-temporal tomographic experiment in 2014 over the
temperate forest of Traunstein (Germany) [19] were used to compare the performance of the three
algorithms on a real data. The whole data set comprises four sets of fully polarimetric tomographic
(i.e., multi-track) repeat pass acquisitions at L-band performed by the DLR’s (German Aerospace
Center) airborne F-SAR system [53]. Each of the four sets comprises five tracks acquired each time
with the same geometry within a total time span of more than two months: on May 20, June 10,
June 16 and July 28. The main parameters of the tomographic data set are summarized in Table 4.1.
For comparison an airborne Lidar (LMS-Q 680i) data set (with a density of 25 points/m2) of the site
acquired on November 18, 2012 has also been used. Figure 4.7(a) shows the polarimetric Pauli RGB
color composite image of the test site (generated from the acquisitions on May 20) and Figure 4.7(b)
the Lidar derived top height map (first return) of the area.
TABLE 4.1: Main parameters of the tomographic SAR dataset.




5 Refer.,7,15,20,25 Refer.,0,0,0,0 0,0.06,0.18,0.3,0.4 104.7 15.7 1.28 0.6
1Hb and Vb are the nominal horizontal (Hb) and vertical (Vb) track displacements (baselines) in meters respect to the
reference one. Each track has an approximate deviation of ± 1.5 meters due to non-perfect flight path; 2kz is the vertical
wavenumber at the centre of the image on May 20; 3Height of ambiguity in meters; 4Rayleigh resolution; 5Slant range
and azimuth resolution for the single look complex image before spatial averaging.
FIGURE 4.7: (a) F-SAR L-band Pauli RGB composite image, the white line indicates the area used in
Figures 4.8 and 4.10. (b) Lidar top height (first return) over the Trauntein forest.
The resolutions in the slant-range and azimuth given in Table 4.1 refer to the original SAR SLC
images. For the computation of the covariance matrix (see 4.4 in Section 4.2.1), a spatial averaging
of 5 samples in slant-range and 11 in azimuth was used. Therefore, a final resolution of around 6.5
x 6.5 m in range and azimuth is obtained. No additional filtering of the data was applied.
The meteorological data collected from two local weather stations located within 20 km from the
site at an hourly rate during the experiment indicate very similar conditions for all four campaign
days [54]. There was no strong wind (< 1 m/s) and no precipitation neither during nor in the 24
4.4. Real Data 87
hours before the acquisition. Only a negligible amount of rain was registered 48 hours before the
acquisition on May 20 and July 28.
For each of the four tomographic data sets the temporal baseline between two consecutive
tracks was about 10 minutes so that the whole set of five tracks was every time collected within
less than one hour. Given also the low wind conditions on each of the campaign days, it is possible
to assume that the temporal decorrelation within one single tomographic data set is rather small
and can be neglected for the following investigations.
4.4.2 Original Vertical Wavenumber Distribution
Although the same geometry was attempted for each of the four tomographic data sets, devia-
tions from the nominal flight track during the acquisitions distort the distribution of the vertical
wavenumbers locally and introduce a small, but significant, variation of the acquisition geometry
from day-to-day. In consequence, the vertical wavenumbers used to compute the steering vector
a(z) (as in 4.11) are no longer uniformly distributed locally and vary across the four tomographic
data sets. This may have an impact on the reconstructed reflectivity as indicated in Figure 4.8,
where the impact of the non-ideal (i.e., distorted) real acquisition geometry on the reflectivity PSF
for two (June 10 and July 28) of the four campaign days is shown. The left part of Figure 4.8 shows,
in more detail, the PSF for around 1300 samples in azimuth over a line in range, highlighted with a
white line in Figure 4.7(a), for the two mentioned days.
FIGURE 4.8: PSF over the area with a white line in Figure 4.7(a), for (a) July 28 with low error in the
tracks and (b) for June 10 with high error in the tracks.
The PSF can be used as an indicator of the quality of the reconstructed reflectivity: all the
power outside of the main lobe at 0 m contributes to the distortion of the reconstruction. As an
example, the right part in Figure 4.8 shows the PSF profiles for two specific azimuth samples
(indicated in white dashed lines), where the deviations on the distribution are clearly reflected
on the big sidelobes of the PSF with around 4 dB less power than the main lobe. The kz values
for the two days are graphically represented in Figure 4.9. The July 28 acquisition geometry is
only slightly distorted, characterized by a mean square error of 0.00040 rad/m with respect to a
reference uniform distribution. The acquisition geometry on June 10 is significantly more distorted
with a mean square error of 0.00875 rad/m with respect to a uniform distribution.
In order to assess better the distortion induced by the nonideal acquisition geometry, Fig-
ure 4.9(b) and (c) show the reflectivity profiles reconstructed by the three algorithms for the sum
of the power of HH, 2HV and VV channels in correspondence of sample 1200 from Figure 4.10.
A Lidar profile obtained from the Lidar point cloud is also plotted as a reference (black line)
indicating the location of the ground at 0 m and a forest layer between 10 and 25 m. In order to
obtain a continuous Lidar profile from the point cloud, a histogram of the heights of all returns in a
resolution cell similar to the one obtained for the TomoSAR data (6.5 by 6.5 m.) is done. In that
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way, a continuous representation of the distribution of returns in height is obtained from the Lidar.
Moreover, to compare the profiles from both systems, the Lidar profile is projected in slant-range
geometry as in the case of the TomoSAR data.
For all three algorithms, it becomes obvious that the higher the error in the distribution of
wavenumber, the worse the estimation of the reflectivity profile.
In Figure 4.9(b), the reconstructions for July 28, i.e., the day with the lower track deviations, are
shown. All three algorithms are able to detect the two (ground and canopy) layers. FB introduces
an additional third local maximum, as a consequence of a nonsuppressed sidelobe that could be
misinterpreted as an additional layer. Although all three algorithms are able to detect the location
of the two layers, CS performs significantly better. The higher resolution of CS allows better
discrimination of closer layers, and the achieved higher contrast between the layers helps in their
discrimination. Similar to the simulation results, here also reflectivity artifacts appear as local
maxima close to the main maximum (that corresponds to the canopy layer) and could potentially
be misinterpreted as layers. However, as in the simulations, these local maxima are very small
allowing straightforward discrimination between the false and the real canopy layers.
In Figure 4.9(c), the reconstructions for June 10, i.e., the day with the higher track deviations,
are shown. In the case of FB, the absolute and relative intensity of the third local maximum (i.e., the
sidelobe) clearly increases. For the CB reconstruction, the main lobe associated with the forest layer
becomes wider, and the sidelobes increase. The CS reconstruction appears more robust, with only a
small increase of the sidelobe. This robustness of the CS approach with respect to the wavenumber
distribution seen with the real data corresponds to what has been previously observed in the
analysis on the simulated data in Figure 4.5 (see Section 4.3.3).
FIGURE 4.9: (a) Distribution of vertical wavenumber for a low (July 28) and high (June 10) track errors
with respect to a uniform distribution for sample 1200 from Figure 4.10. (b) Vertical profiles for the same
sample for July 28 with low error in the tracks. (c) June 10 with high error in the tracks.
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FIGURE 4.10: (a) PSF, (c) Fourier, (e) Capon and (g) CS for the sum of the power of HH, 2HV and VV
channels over the area with a white line in Figure 4.7 before the interpolation and (b) PSF, (d) Fourier, (f)
Capon and (h) CS over the same area after the interpolation. Color code: power of the radar reflectivity
normalized along the transect. (i) Lidar point clouds from 2012, where the red values indicate high
density and blue low density of returns. Each azimuth pixel represents a spacing of 0.8 m.
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4.4.3 Interpolation to a Common and Uniform Wavenumber Distribution
A way to account for the distortions caused by the nonuniformly distributed vertical wavenumbers,
and to minimize the performance variability of the tomographic reconstruction across the four data
sets (induced by their different wavenumber distributions), is to interpolate the corresponding data
vectors to a common uniform wavenumber distribution.
Let aint(z) be the steering vector corresponding to the interpolated uniform tracks. As outlined
in [55], [56] the interpolator is designed as a matrix Hint that linearly transforms a(z) into aint(z)
by minimizing the average interpolation error within the height interval [zmin, zmax]. This design





The solution Hint can be calculated in closed form as in [56] after discretization of the height
interval. A regularization factor has been included for increasing the interpolator robustness in the
presence of noise and (small) residual phase calibration errors [57]. The interpolated data vector
yint and multi-look covariance matrix Rint are finally obtained as
yint = Hinty, Rˆint = HintRˆH
H
int (4.21)
and used for the TomoSAR processing. The elements of Rˆint are estimated by combining the
elements of Rˆ through Hint.
It is worth noting that any attempt of using the interpolator as in 4.20 and 4.21 to obtain a larger
maximum vertical wavenumber (i.e., better Rayleigh resolution) and/or larger number of vertical
wavenumbers results into a meaningless extrapolation and / or interpolation. A larger maximum
wavenumber in output does not increase the vertical resolution as the interpolator is linear. The
increase of the number of vertical wavenumbers would provide a rank-deficient covariance matrix
representing only a subspace of the information that could actually be obtained in the output
covariance space in any scattering scenario.
Given a meaningful selection of the output wavenumber distribution, an inappropriate choice of
the height interval [zmin, zmax] can limit the interpolation performance. Indeed, the height interval
constitutes a prior information exploited in the optimization of the matrix interpolator. For a
fixed wavenumber distribution, the interpolation error is minimized if the interval is as tight as
possible to the height interval occupied by the scattering components [55]. On the other hand, the
interpolation becomes meaningless for narrower intervals [55], [56]. A second factor that can limit
the performance of the interpolator in the case at hand is the irregularity of the input distribution of
the vertical wavenumbers. Despite the matrix form, which provides a linear adaptive interpolation
process, large gaps between consecutive wavenumbers might not be accurately resampled. In
general, in the presence of inaccurate a prior information (i.e., larger height interval) and/or high
wavenumber irregularity, the performance of the matrix interpolator is not superior to the one of
a trivial bilinear or polynomial interpolator. However, this is not expected to be the case for the
analysis in this article. Indeed, [zmin, zmax] have been fixed according to the available Lidar digital
terrain model and top canopy height, while the input wavenumber distributions do not exhibit
large gaps, as shown in Figure 4.9.
Figure 4.10 shows the PSF and reflectivity transect as reconstructed by the three algorithms
before and after the interpolation from the data set acquired on June 10 over the white line shown
in Figure 4.7(a). As expected, the interpolation reduces the sidelobes of the PSF consistently along
the whole transect, while the width of the main lobe remains unchanged (i.e., no change of vertical
resolution). It is worth noting that the PSF main lobe amplitude does not change as well, i.e., the
interpolation is radiometrically linear. The interpolation appears more effective for FB and CB
rather than for CS, as CS is less affected (when compared to FB and CB) by the nonuniformity in
the track distribution. As expected, the wide main lobe obtained by the FB algorithm indicates the
4.4. Real Data 91
rather poor resolution. The resolution is clearly improved by the CB and CS, as can be seen in the
ground area on the left part of the transect. Concerning the forest areas, CS seems to differentiate
between different scatterers that are mixed by CB and FB, although some small artifacts are expected
as seen in the profiles analyzed in Figure 4.9, and in the simulation scenarios.
These effects can also be seen in Figure 4.11, where the profiles for the four days for the
three algorithms before and after the interpolation for the sample 1200 of Figure 4.10 are shown.
Independently of the algorithm that has been applied, the profiles of the four days are more similar
between them after the interpolation. This similarity of the profiles for the four days is something
expected, due to the fact that in the total period of two months no human activity or relevant
environmental/seasonal changes have occurred. Figure 4.11 confirms the better resolution and the
higher contrast for CS, which allow better detection of the position of the canopy layers. Moreover,
CS shows the appearance of small artifacts with very low power with respect to the main lobe,
which are reduced after the interpolation.
Finally, regarding the computational cost, CS is two to three orders of magnitude more expensive
than FB and CB for the same hardware conditions.
FIGURE 4.11: Vertical profiles for sample 1200 of the transect shown in Figure 4.10, (top) before the
interpolation and (bottom) after the interpolation.
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4.4.4 Temporal Decorrelation Effects on Different Tomographic Implementations
In this section, the three tomographic algorithms are compared with respect to their stability against
different temporal decorrelation processes. Due to the inability of actual tomographic (especially
spaceborne) implementations to acquire all tomographic acquisitions required simultaneously,
temporal decorrelation between the tomographic acquisitions acquired at different times becomes
an – in many cases critical – issue. In this context, two different decorrelation scenarios associated
with different tomographic implementations are discussed.
The first scenario refers to a conventional repeat-pass tomographic implementation where each
acquisition is performed at a different time. In order to process the data in a repeat-pass scenario,
one of the data sets (i.e, the July 28) is selected as a reference. Then, the five acquisitions in that day
are interpolated to a uniform wavenumber distribution. After that, the individual acquisitions (i.e.,
the SLC images) are replaced by equivalent (in terms of vertical wavenumber) ones extracted from
the (interpolated) data sets acquired at one of the other available campaign days (i.e., on June 16,
June 10 and on May 20). The fact that after interpolation, all four tomographic data sets have the
same uniform wavenumber distribution, facilitates this exchange and allows a comparison with
respect to temporal decorrelation effects only. The combinations used are summarized in Table 4.2.
TABLE 4.2: Combination of different days.
kz 0 0.1 0.2 0.3 0.4
No combination July 28 July 28 July 28 July 28 July 28
Combination 1 July 28 July 28 July 28 July 28 June 16
Combination 2 July 28 July 28 July 28 June 10 June 16
Combination 3 July 28 July 28 May 20 June 10 June 16
Combination 4 July 28 June 10 May 20 June 10 June 16
The second scenario refers to a tandem-like tomographic implementation [22], where each
acquisition consists of a pair of images acquired simultaneously with a given vertical wavenumber.
In this case, the tomographic data set is build-up by a number of such image pairs, each acquired on
a different day and with a different vertical wavenumber. In order to investigate this case, starting
from the acquisitions performed on the same day (i.e., on July 28), the elements of the covariance
matrix are consecutively replaced by the equivalent elements of the tomographic covariance
matrices formed using the acquisitions performed on the other days (i.e., on June 16, June 10, and
May 20). The difference of the two scenarios is with respect to the effect of temporal decorrelation:
While tandem-like tomographic implementations are affected only by the (temporal) variability of
the underlying radar reflectivity function, conventional repeat-pass tomographic implementations
are additionally affected by higher frequency decorrelation effects, as for example, wind-induced
decorrelation.
4.4.4.1 Repeat-pass Tomographic Implementation
For simulating conventional repeat-pass tomographic implementation, acquisitions performed at
different days are combined. Starting from the interpolated data vector yint of the reference data
set (i.e., the one acquired on July 28), one after another, the elements of yint are replaced with the
equivalent (in terms of vertical wavenumber) ones from the other (interpolated) data sets acquired
at the other campaign days (i.e., on the June 16, June 10 and on May 20). Table 4.2 summarizes the
different combinations used. Note that the data set acquired on July 28 has been selected to be
the reference one as it is characterized by the lowest error in the wavenumber distribution (with
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respect to a uniform one), as well as, it is at one end of the timeline of the four acquisitions, which
allows increasing the temporal difference linearly.
In Figure 4.12, the results of the three tomographic algorithms for the four different combinations
are shown for a section of the transect from Figure 4.10. The first row corresponds to the reference
case with the five acquisitions performed on the same day (July 28). Apparently moving from
Combination 1 to 4, i.e., with increasing the number of acquisitions performed on different days,
the reconstructed reflectivity profiles become more and more defocused (clearly visible on the
ground reconstruction between samples 850 and 925). This is a direct consequence of the increasing
temporal decorrelation between individual acquisitions. For evaluating this better, three different
areas along the transect are discussed in the following.
The first area is situated between the samples 850 and 925 and is an area with only ground
scattering contributions. The vertical profiles in correspondence of the green line in Figure 4.12 are
shown in Figure 4.13(a). For all three algorithms, the reconstructed reflectivity profiles show a loss
of power, as well as a significant loss in resolution with increasing temporal decorrelation between
the individual acquisitions. In the CS reconstruction, the increase of temporal decorrelation is
associated with some artifact contributions, although the main peak of the ground remains clearly
dominant.
FIGURE 4.12: Profiles for Fourier (first column), Capon (second column) and CS (third column) for the
combination of single SLC’s (repeat-pass case) presented in Table 4.2 for the sum of the power of HH,
2HV and VV channels. Color code: power of the radar reflectivity normalized along the transect. Last
row: Lidar point clouds from 2012, red indicates high density and blue low density of returns. The
vertical lines correspond to the vertical profiles represented in Figure 4.13: The green line corresponds
to a ground area, the white to a heterogeneous and not very dense forest and the purple one to a very
homogenous and dense forest. Each azimuth pixel represents a spacing of 0.8 m.
94 Chapter 4. Comparison of Tomographic SAR Algorithms for Forest Applications at L-band
The second area is between the samples 925 and 1000 and corresponds to a rather heterogeneous
forest stand with a number of large trees and gaps. This is reflected in the higher amount of Lidar
returns from the ground with respect to the canopy part. With increasing temporal decorrelation,
the stand almost disappears in the reconstructed reflectivity. The vertical profiles in correspondence
with the white line are shown in Figure 4.13(b). Without temporal decorrelation (orange line),
FB and CB show no distinct maximum associated with the ground layer while CS detects the
ground clearly. Further it becomes clear that temporal decorrelation severely distorts the structural
interpretation of the reconstructed reflectivity. As soon as more days are combined, the power of the
main lobe decreases for all three algorithms. For Combination 3 (red line) none of the algorithms
are anymore able to reconstruct a meaningful profile.
Finally, the third area toward the end of the transect, between the samples 1050 and 1100,
corresponds to a denser and more homogeneous forest stand. This is reflected in the higher amount
of Lidar returns from the canopy. The increased homogeneity and density works in favor of the
reflectivity reconstruction for all three algorithms. Only for Combination 4, the decorrelation effect
on the reflectivity reconstruction becomes clearly visible. The vertical profiles in correspondence of
the purple line are shown in Figure 4.13(c). Unlike the previous profile, the three algorithms are
able to correctly reconstruct the profile for Combination 3. The defocusing is more pronounced
for FB and CB. There is also a decrease in the power of the profile associated with the presence of
temporal decorrelation. Similarly, as in other parts of the transect, in the case of CS, the increase of
temporal decorrelation produces artifact contributions.
FIGURE 4.13: Vertical profiles for (a) green line, (b) white line, and (c) purple line from the transect in
Figure 4.12.
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4.4.4.2 Tandem-like Tomographic Implementation
In the tandem-like implementation each acquisition consists of a pair of images acquired simulta-
neously with a given vertical wavenumber. The tomographic data set is build-up by a number of
such image pairs each acquired at a different day and with a different vertical wavenumber.
Starting from the interpolated data vector yint of the reference data set (i.e., the one acquired on
July 28) the corresponding covariance matrix Rint (see 4.4) for every day are obtained. From this,
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where γ1M represents the (complex) interferometric coherence (i.e., the normalized cross correlation)
between the first and the Mth track. NR is a diagonal matrix defined as follows:
NR =
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Assuming that only two images are simultaneously acquired at each pass, zero coherence
between images from different passes (days) is considered. Under this assumption, only the first
row of the coherence matrix becomes available
c f irst = [1 ,γ12, · · · ,γ1M]. (4.24)
In general, if there is not a complete temporal decorrelation, the coherence between images can
be used to potentially improve the tomographic results [58].
Starting from the first row of the reference covariance matrix (i.e., on July 28), the row elements
are consecutively replaced by the equivalent row elements of the other tomographic covariance
matrices i.e., the ones formed using the acquisitions performed at the other days (i.e., on the June
16, June 10 and on May 20) following the combinations defined in Table 4.2.
As next, the complete coherence matrix C needs to be reconstructed from its first row c f irst. Due
to the uniform wavenumber distribution (after resampling) the coherence matrix has a Toeplitz [59]
form and can be reconstructed from c f irst as
CToeplitz =

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where (·)∗ indicates the complex conjugate. Finally, CToeplitz can be used for the tomographic
reconstruction in all three algorithms in the same way as for the covariance matrix Rint.
In Figure 4.14 the reflectivity profiles obtained by the three algorithms are shown for a section
of the transect in Figure 4.10 for the four different combinations. The first row corresponds to the
reference case with the five acquisitions performed on the same day (July 28). The improvement
with respect to the results obtained using the repeat-pass configuration is for all three algorithms
evident and can be assessed by looking again to the three scattering scenarios along the transect.
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For the ground scattering case (situated in the transect between the samples 850 and 925) the
vertical profiles in correspondence of the green line are shown in Figure 4.15(a). While the loss in
resolution is obvious, more dramatic for FB than for CB and moderate for CS, the reflectivity power
remains practically constant for all algorithms and all decorrelation combinations.
For the heterogeneous stand (situated between the samples 925 and 1000), the vertical profiles
corresponding to the white line are shown in Figure 4.15(b). The results achieved are more stable
than the ones in the equivalent repeat-pass case, and the combined FB and CB profiles are very
similar to the reference ones. For Combination 3, CS is able to reconstruct the local maxima of the
reference profile. However, the positions are shifted with respect to the reference ones, and a fourth
reflectivity maximum appears, which could be considered as an artifact contribution.
Finally, the vertical profiles for the dense homogeneous stand (situated between the samples
1050 and 1100) in correspondence of the purple line are shown in Figure 4.15(c). Also here, the
tandem-like results are more stable than the equivalent repeat-pass ones. There is no loss of
reflectivity power for any combination in contrast to the repeat-pass case.
FIGURE 4.14: Profiles for Fourier (first column), Capon (second column) and CS (third column) for the
combination of SLC’s pairs (tandem-like configuration) presented in Table 4.2 for the sum of the power
of HH, 2HV and VV channels. Color code: power of the radar reflectivity normalized along the transect.
Last row: Lidar point clouds from 2012, red indicates high density and blue low density of returns. The
vertical lines correspond to the vertical profiles represented in Figure 4.15: The green line corresponds
to a ground area, the white to a heterogeneous and not very dense forest and the purple one to a very
homogenous and dense forest. Each azimuth pixel represents a spacing of 0.8 m.
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FIGURE 4.15: Vertical profiles for (a) green line, (b) white line, and (c) purple line from the transect in
Figure 4.14.
4.5 Conclusions
In this article three tomographic algorithms widely used for the reconstruction of the 3-D radar
reflectivity from tomographic SAR data, namely, Fourier beamforming (FB), Capon beamform-
ing (CB), and compressive sensing (CS) are compared with respect to their performance in the
reconstruction of the 3-D reflectivity of forests.
First, the algorithms have been compared on simulated data in order to assess the effects of the
variation of individual parameters isolated from other effects. This is often not possible with real
data. The intention was to compare the reconstruction performance under certain constraints in
terms of the number of acquisitions and acquisition geometry as imposed by the design of actual or
near-future tomographic implementations. The algorithms have been compared on four scenarios
defined to evaluate the vertical resolution, the ability to detect weak scatterers, the stability against
nonuniform wavenumber (i.e., track) distributions and the impact of a strongly reduced number of
acquisitions.
The simulated scenarios confirm the poor (vertical) resolution of FB and its improvement by
using CB and even more CS. CS also allows a better contrast between the layers and the background,
due to the sparser reconstruction of the vertical profile with respect to CB and FB. Regarding the
reconstruction of the layer amplitudes, the simulations indicate that CS provides the best amplitude
ratio between layers. However, none of the algorithms is accordingly able to reconstruct the
absolute power for volume scatterers. Furthermore, the effect of nonuniform distribution is more
severe for FB, while CS remains more stable. Finally, an increase in the number of acquisitions
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produces a better focusing of the layers for the algorithms, but if the number is limited, only CS is
able to detect clearly the layers.
The algorithms were applied and compared on a real multitemporal tomographic L-band SAR
data set over a temperate forest in Traunstein (Germany). First, the impact of the nonuniform
distribution of vertical wavenumber is evaluated. The results on real data show again that FB is
the most affected one. Even small deviations from a uniform wavenumber distribution produce
high sidelobes. On the contrary, CS is the least affected by deviations from a uniform wavenumber
distribution, providing more stable results. In order to minimize the impact of the different
and irregular wavenumber distributions at the different acquisition dates and to facilitate the
multitemporal analysis, the tomographic data sets at each date have been interpolated. The
objective of the interpolation is to provide the same equally distributed wavenumbers, imposing
the same vertical resolution and nonambiguous height interval for all data sets. Such interpolation
has been proven to be beneficial for all three algorithms compensating the performance loss caused
by irregular wavenumber distributions.
Finally, the effect of temporal decorrelation on the performance of the three algorithms has been
addressed. Two different tomographic implementations have been discussed: the conventional
repeat-pass tomographic implementation and a tandem-like tomographic implementation. In the
repeat-pass case, temporal decorrelation leads to a defocusing of the vertical reflectivity profile.
The results indicate that temporal decorrelation severely distorts the structural interpretation of
the reconstructed reflectivity in the case of repeat-pass acquisitions. For the tandem-like case, the
estimated vertical profile tends to be more stable independently of the number of days combined.
Furthermore, the profiles are more similar between them, although the number of different days
increases. This similarity of the profiles indicates higher stability than in the case of combining
single images acquired in repeat-pass mode.
It is important to note here that the interpolation becomes essential for FB and CB in tandem-like
TomoSAR implementations, as it allows to build up a coherence matrix (required by FB and CB)
from the acquired coherence vector. The matrix-based interpolation used in the experimental
analysis to interpolate the SLC data vector can be used, as well to interpolate a coherence vector
without formal changes. However, the interpolation performance, in this case, is more sensitive
to the irregularity of the input wavenumber distribution, as the interpolation does not exploit
the higher dimensional sampling and/or redundancy of a covariance matrix in input, but only a
subset of its elements. As a result, the final covariance matrix after Toeplitz might be subject to ill-
conditioning for a larger number of cases, leading to an inaccurate, if not meaningless, tomographic
reconstruction. In contrast, the CS inversion does not necessarily need an interpolation of the
coherence vector. However, the experimental results show that an interpolation to a uniform
wavenumber distribution is beneficial to reduce artifacts in the reconstructed CS profiles. Thus,
the design of estimators/interpolators of a full covariance matrix from a subset of its samples
remains an open challenge that needs to be addressed for effective exploitation of tandem-like
implementations of tomographic reconstructions.
As a general conclusion, for the reconstruction of forest reflectivity, all algorithms have their
own strengths and weaknesses. It is important to know about them and to take appropriate account
of them when it comes to the interpretation or further use of the results. Overall, CS seems more
appropriate than CB or FB for forest applications in terms of detecting the position of canopy layers,
i.e., the local maxima in the vertical reflectivity profile. CS can resolve higher vertical resolutions
with a lower number of acquisitions, especially in complex structure scenarios. However, as the
number of available acquisitions increases, CB unfolds its advantages in terms of susceptibility
to false alarms and computational efficiency. Finally, for an appropriate Rayleigh resolution and
not too irregular wavenumbers, the use of FB becomes advantageous as it provides a linear and
accurate direct inversion of the relationship between the observed covariances and the vertical
reflectivity profile.
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4.6 Appendix. Ranking of the Algorithms
Table 4.3 shows a qualitative ranking of each algorithm (FB, CB, and CS) using 3 levels from A
(more appropriate) to C (less appropriate), based on the results and discussions made along the
whole manuscript for the simulated, as well as the real TomoSAR data. The ranking is independent
for each aspect (each row in Table 4.3), described in the following list:
• Vertical resolution: The ability of the algorithm to detect layers closer in height than the
Rayleigh resolution limit (Section 4.3.1).
• Detection of weak layers: The ability of the algorithm to distinguish weak canopy layers from
the background noise (Section 4.3.2).
• Non-Uniform wavenumber: The robustness of the estimated profiles against irregular (non-
uniform) wavenumber distributions (Sections 4.3.3, 4.4.2 and 4.4.3).
• Number of wavenumbers: The robustness of the estimated profiles against a reduction of the
number of vertical wavenumbers (Section 4.3.4).
• False alarms: The distortion of the estimated profiles with local maxima that can be interpreted
as false canopy layers. These local maxima of the profile are not present on the PSF defined
by the vertical wavenumber distribution.
• Absolute power: The accuracy of the algorithm in the estimation of the absolute power profile.
• Computational cost: The processing time needed to process the same scene in each algorithm.
• Temporal decorrelation: The robustness of each algorithm (independently of the others) to
obtain the profile (without temporal decorrelation) as soon as acquisitions from different
days are combined. Note that, in this aspect, there is not a direct comparison between the
algorithms (Section 4.4.4).




Vertical Resolution C B A
Detection of weak layers C B A
Nonuniform wavenumbers C B A
Number of wavenumbers C B A
False alarms A A C
Absolute power C C C
Computational cost A A C
Temporal decorrelation A A B
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Abstract
Synthetic Aperture Radar Tomography (TomoSAR) at lower frequencies allows the recon-
struction of the 3-D radar reflectivity of volume scatterers providing access to their physical 3-D
structure. The performance of the reconstruction depends on the number and (spatial) distribution
of the tomographic acquisitions (tracks). This dependency is addressed in this letter for the case
of tomographic acquisitions for forest applications at L-band. Tomographic configurations of
different number of tracks and distributions are compared against reconstruction requirements
typical for forest structure mapping applications. For the reconstruction, three different TomoSAR
algorithms (Fourier Beamforming, Capon Beamforming, and Compressive Sensing) have been
used and compared to each other. For the analysis, a tomographic data set consisting of fifteen
tracks acquired by the DLR’s F-SAR system at L-band over the Traunstein test site in Germany
is used. The results show that a higher vertical resolution plays a small role when the number
and distribution of tracks is not adequate to avoid a degradation of the reconstructed 3-D radar
reflectivity (i.e. vertical profiles) due to sidelobe effects.
5.1 Introduction
Synthetic Aperture Radar (SAR) tomography (TomoSAR) allows the reconstruction of the 3-D radar
reflectivity of volume scatterers by combining multiple SAR images acquired with slightly different
incidence (or look) angles along spatially displaced tracks (or orbits) [1]. At lower frequencies (L- or
P-band) the reconstructed 3-D radar reflectivity allows characterising the 3-D forest structure [2], [3].
This potential to provide forest structure information [4], at high spatial and temporal resolution(s)
as SAR systems, makes TomoSAR a key element of future space-borne SAR missions aiming forest
applications, as for ESA’s BIOMASS [5] and DLR’s Tandem-L [6].
In the absence of unique solutions for the general TomoSAR reconstruction problem, different
reconstruction algorithms (model-based, model-free or hybrid ones) have been proposed and
used in the literature [7], [8]. The most popular ones are the Fourier beamforming (FB) [9], the
Capon beamforming (CB) [9] (model-free algorithms) and compressive sensing (CS) [10] (hybrid
algorithms) relying on sparsity bases. For volume scatterers, each algorithm has its strengths
and weaknesses depending on the application requirements and system limitations. A detailed
comparison of the three algorithms can be found in [11].
Besides the choice of the algorithm, the reconstruction performance for forest structure applica-
tions depends critically on the number and the spatial distribution (of the tracks or orbits) of the
tomographic acquisitions. This is because they define three important reconstruction parameters.
The first one is the vertical resolution, which is associated with the ability to resolve individual
forest layers. The second one is the unambiguous reconstruction range, also known as the height of
ambiguity. Finally, the third one is the Peak Sidelobe Level (PSL), that expresses the non-desired
energy outside the main lobe of the Point Spread Function (PSF). The dependency of these three
parameters on the number and the spatial distribution of the tomographic acquisitions can, at least
in a first order, be assessed by using the PSF, which is given by the FB response to a point scatterer.
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Each image pair ym, yn for m, n = 1, ..., M from a TomoSAR data set consisting of M SAR images,
is characterised by the so-called vertical wavenumber kz that expresses the sensitivity (i.e. the
derivative) of the phase (of the complex conjugate product of two Single Look Complex (SLC)
images) to a height change [1]:
kz(m, n) =
4 pi ∆ θ (m, n)
λ sin(θ)
, (5.1)
where ∆θ (m, n) is the incidence-angle difference associated with the pair formed by the mth and
the nth acquisitions, λ is the wavelength, and θ is the incidence angle. The PSF is defined by all the
vertical wavenumbers kz of the TomoSAR acquisition.








where kz,min = minm,n{kz(m, n)} and kz,max = maxm,n{kz(m, n)}. kz,max and kz,min are directly
proportional to the maximum and minimum track displacements Bmax and Bmin , respectively.
Regarding the PSL, if the number of tracks is large and the tracks are uniformly displaced, the
PSF becomes a sinc2 function, and therefore the PSL is equal to -13.26 dB. However, if the number
of tracks is low, the PSL becomes:







However, the expression 5.3 holds only for a uniform displacement of tracks; if the distribution
of kz becomes non-uniform the PSL will change. Note that in 5.3 the position of the first side lobe
has been approximated to be always in the same position, which is not strictly true as the position
of the first side lobe slightly changes with M.
Optimized tomographic configurations have been addressed in previous studies, especially
with respect to the minimum number of tracks [12]. However, they use the specific model-based al-
gorithm MUSIC to define the number of phase centers on the vertical profile before the tomographic
inversion.
This letter aims to evaluate the effect of the number and distribution of tracks on the vertical
resolution, the height of ambiguity and the PSL of the reconstructed radar reflectivity in volume
scenarios. Requirements on these three parameters are derived with respect to forest structure
applications at L-band. The analysis relies on the PSF and experimental real TomoSAR data over a
temperate forest. For the tomographic reconstruction, three tomographic algorithms are used and
compared: FB and CB as non-modeled ones and the hybrid CS.
5.2 Test Site and Tomographic Data Set
The test site is a temperate forest located in Traunstein, Germany, containing different forest
structure types. In May 2017, a fully polarimetric L-band tomographic repeat-pass data set has been
acquired by the DLR’s F-SAR airborne sensor consisting of fifteen uniformly distributed tracks
with a horizontal distance of about 5 m between them. This results in a uniformly distributed
set of vertical wavenumbers (kz) from 0 rad/m to 1.05 rad/m associated with a vertical Rayleigh
resolution of 6 m and a height of ambiguity of about 85 m. The resolutions of the SLC images are
1.28 m and 0.6 m in slant-range and azimuth respectively.
As additional data for comparison, airborne Lidar data also acquired in 2016 are used. Figure 5.1
shows the Lidar derived forest top height map of the site that visualizes the heterogeneity in the
site: The west part (left) is composed by multi-layer forest stands (indicated by the black polygon),
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in the middle there is a gap with a few scattered trees (red polygon), and towards the east (right)
there are mainly mono-layer and more homogeneous stands (orange and blue polygons).
FIGURE 5.1: Lidar height over the Traunstein forest. Each polygon represents a homogeneous forest
structure type.
5.3 Full Stack of Tracks
After SAR processing, the fifteen SLC SAR images (coregistered and phase calibrated with respect
to each other) are ready to be used for tomographic processing [1]. The M tomographic images are
arranged in form of a (data) vector y = [y1, . . . , yM]
T, where (·)T denotes the transpose operator,
and it is used to form the covariance matrix R = E{yyH}, where (·)H indicates the Hermitian
operator and E{·} is the statistical expectation approximated by the mean value of neighboring
samples. The three tomographic algorithms are applied on the covariance matrix R using the
associated vertical wavenumber kz (see expression in (5.1)).
5.3.1 Forest Structure from Profiles: Agreement Lidar - Radar
Figure 5.2 shows the tomographic profile across the transect indicated by the white line in Figure 5.1
for FB (a), CB (b) and CS (c). Also, in (d) the Lidar profiles over the same area are shown. The
visual qualitative good quality of the reconstructions is confirmed by looking on the PSF shown in
Figure 5.3(a) characterised by a very low sidelobe of about -13 dB (with respect to the main lobe).
FB and CB show very similar results with a slightly better resolution for CB, as confirmed by the
narrower reflectivity layers. The CS results are more sparse characterized by an increase of the
vertical resolution, but it also introduces some wrong maxima in the reflectivity profiles compared
to FB and CB [11].
In order to evaluate better the achieved performance, Figure 5.4 (a) shows the mean profiles
over the polygons highlighted in Figure 5.1. There is a consistent qualitative agreement between the
Lidar profile (black line) and the tomographic reconstructions. There are differences between the
algorithms, for example, the better discrimination of the maxima in the CS profile (blue line), but in
general, the three algorithms can reconstruct the same structure as in the Lidar profile. Therefore, it
can be concluded that using the full stack of fifteen tracks, first the different forest structure areas
can be characterised with TomoSAR and second, the algorithm is not a crucial issue under this very
favourable conditions.
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FIGURE 5.2: (a) Fourier Beamforming, (b) Capon Beamforming, (c) compressive sensing tomographic
results for the HV channel and (d) Lidar profiles over the white line from Figure 5.1. Each figure is
normalized by its own maximum. One sample represents a spacing of 0.8 meters. The colored rectangles
on the upper part refer to the areas defined in Figure 5.1.
FIGURE 5.3: (a) Point Spread Function and (b) kz distribution for fifteen tracks; (c) Point Spread Function
and (d) kz distributions for seven tracks; (e) Point Spread Function and (f) kz distributions for five tracks.
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FIGURE 5.4: Mean profiles over the polygons (each column represents one) defined in Figure 5.1 for
lidar point cloud (black) and the Tomographic SAR algorithms: Fourier beamforming (red), Capon
beamforming (green) and Compressive Sensing (Blue) for the HV channel. Each row represents a
different distribution of tracks: (a) Fifteen uniform tracks (see Figure 5.3(b)), (b) small distribution
scenario with seven tracks (see green colour Figure 5.3(d)) and (c) small distribution scenario with five
tracks (see green colour Figure 5.3(f)).
5.3.2 Requirements for Forest Structure Applications
While the requirements on vertical resolution (on the order of 5-15 m depending on the application
requirements) and height of ambiguity (higher than the tallest trees in the scene) are well under-
stood, the sidelobe levels are not. High sidelobes can be confused with the mainlobe maximas of
weaker scattering contributions. For example, high sidelobes of the ground scattering component
may be misinterpreted as real canopy layers. Accordingly, a requirement in terms of the power
difference between the main lobe and the maximum sidelobe (i.e the PSL) appears appropriate. In
the context of forest structure applications, where the local maxima of the reconstructed reflectivity
are understood as canopy layers [2], [3], the power of the sidelobes should be lower than the
reflectivity maxima induced by the canopy layers.
In order to derive such a requirement, the power difference between the two main reflectivity
maxima, within the height interval of interest, in the reconstruction based on the fifteen tracks is
evaluated. Table 5.1 shows the power difference values in dB for each of the polygons (i.e. structure
types) of Figure 1, for the three algorithms (FB, CB and CS) in the different polarizations. Except
the red polygon, where only one scattering contribution (i.e. the ground) dominates, all the rest
differences lie between 2 and 5 dB. Accordingly, a 6 dB difference between the maxima and the
highest sidelobe, appears sufficient to separate the canopy layers in the different forest structure
areas. Note that, the ratios for CB, FB and CS are similar. This confirms that the posed requirement
in terms of PSL (-6 dB) is independent of the selection of the TomoSAR algorithm and it can be
analyzed through the PSF.
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TABLE 5.1: Power difference in dB between the two main canopy layers
Algorithm,Channel
Blue Orange Green Magenta Black
polygon polygon polygon polygon polygon
FB,HH -2.84 (±1.37) -3.67 (±1.31) -5.09 (±1.25) -2.92 (±1.37) -3.1 (±1.43)
FB,HV -1.87 (±1.02) -2.52 (±1.25) -3.47 (±1.37) -2.22 (±1.31) -2.37 (±1.31)
FB,VV -2.37 (±1.19) -3.28 (±1.25) -4.2 (±1.31) -2.44 (±1.31) -2.68 (±1.37)
FB,HH+HV+VV -2.01 (±1.08) -3.1 (±1.25) -4.32 (±1.31) -2.44 (±1.37) -2.68 (±1.37)
CB,HH -2.92 (±1.25) -3.87 (±1.31) -5.09 (±1.31) -2.6 (±1.43) -3.47 (±1.43)
CB,HV -1.8 (±1.02) -2.76 (±1.31) -3.37 (±1.49) -2.08 (±1.31) -2.06 (±1.37)
CB,VV -2.52 (±1.19) -3.57 (±1.31) -4.32 (±1.43) -2.29 (±1.31) -3.01 (±1.43)
CB,HH+HV+VV -2.15 (±1.08) -3.47 (±1.25) -4.44 (±1.31) -2.15 (±1.37) -3.1 (±1.37)
CS,HH -2.92 (±1.37) -3.57 (±1.49) -4.69 (±1.49) -2.68 (±1.37) -2.76 (±1.49)
CS,HV -1.87 (±1.14) -2.44 (±1.37) -3.19 (±1.49) -1.94 (±1.19) -2.15 (±1.31)
CS,VV -2.44 (±1.25) -3.1 (±1.43) -3.77 (±1.49) -2.22 (±1.25) -2.37 (±1.37)
CS,HH+HV+VV -2.76 (±1.31) -3.57 (±1.43) -4.56 (±1.43) -2.44 (±1.31) -2.68 (±1.43)
The first number represents the mean value (in the polygon) of the power difference in dB between the two highest local
maxima for the tomographic result using fifteen tracks. The number in brackets correspond to the standard deviation.
5.4 Scenarios with a Reduced Number of Tracks
Having established the requirements on the reconstructed reflectivity in terms of the height of
ambiguity (>50m) and PSL (-6 dB), downscaled tomographic configurations still able to fulfil these
requirements are investigated. For the requirement of the vertical resolution, two scenarios are
evaluated: One with the maximum possible vertical resolution (6 m) and another one changing
the vertical resolution (from 21 m to 6 m). In these two scenarios, three vertical wavenumber
distributions are discussed:
1. Uniform wavenumber distribution with equidistant tracks.
2. Free wavenumber distribution optimized with respect to the posed requirements.
3. Small wavenumber distribution, i.e. distributions with three small vertical wavenumbers
(up to 0.22 rad/m). This is an important constraint when the same tomographic data set
is used for (model-based) forest height inversion [13]. The rest of the remaining vertical
wavenumbers are freely distributed to fulfill the requirements.
Note here, that the definition of the possible configurations is constrained by the fifteen values
of the vertical wavenumber kz of the experimental data set described in Section 5.2 as well as the
requirements in terms of height of ambiguity and vertical resolution. The minimum possible track
separation corresponds to a height of ambiguity of 84 m. The next smaller possible separation
corresponds to a height of ambiguity of only 42 m, which is almost the height of the tallest trees
in the scene. To avoid any misinterpretation, the height of ambiguity is then fixed to 84 m. The
maximum possible track separation available from the data set corresponds to a vertical (Rayleigh)
resolution of 6 m. From this high vertical resolution provided by the fifteen tracks of data set,
scenarios with a reduced number of tracks keeping constant the resolution or a reduced vertical
resolution are evaluated.
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5.4.1 Maximum Possible Vertical Resolution
Table 5.2 shows the level of the PSL (in dB) for the three distributions, with an increasing number of
tracks and keeping constant the vertical resolution to 6 m (i.e. the same maximum track separation).
One can see that, in order to fulfill the sidelobe requirement, at least seven tracks are required for
the free and small wavenumber distribution. In the case of the uniform distribution, an increase to
eleven tracks is needed to have a sidelobe lower than -6 dB.
TABLE 5.2: Peak sidelobe level in dB for the different distributions with maximum vertical resolution
# tracks 3 4 5 6 7 8 9 10 11 12 13 14 15
Uniform1 -0.2 -0.5 -1.2 -1.7 -2.8 -5.2 -5.1 -4.4 -7.6 -7.5 -8.3 -10.2 -13.13
Free -0.2 -2 -4.4 -5.5 -6.9 -8.5 -9.8 -10.8 -11.3 -12.9 -13.4 -14.23 -13.13
Small - - -1.1 -4.2 -6.3 -8.5 -9.7 -10 -11.3 -12.9 -13.4 -14.23 -13.13
1The uniform distributions are not always completely uniform as the kz values are limited to the original positions and
two fixed positions are needed to fulfil the requirements in terms of height of ambiguity and vertical resolution.
Figure 5.3 (c) and (d) show the PSF for the case of seven tracks and the associated kz values for
each distribution. As already indicated, the uniform wavenumber distribution does not fulfill the -6
dB sidelobe requirement for seven tracks. However, compared to the other distributions, the main
lobe is narrower and has a larger distance to the sidelobe. In the case of free and small wavenumber
distributions, the not so narrow main lobe with small distance to the sidelobes, goes in favour of
lower sidelobes, that in both cases fulfil the requirement of -6 dB. The difference between the free
and the small wavenumber distribution is not significant, with an irregular PSF and similar levels
for the PSL. The fact that the small distribution is of advantage for forest height estimation makes it
in our view, the preferred one.
Figure 5.4 (b) compares the profiles obtained from the three reconstruction algorithms FB,
CB and CS, in the case of the small wavenumber configuration for seven tracks with a vertical
resolution of 6 m. The main difference to the fifteen tracks scenario (Figure 5.4 (a)) is the increase in
the sidelobe level. Especially affected is the FB reconstruction (in red) making the identification of
local reflectivity maxima more difficult. Anyhow, the reflectivity profile appears correct (compared
to the Lidar) for all polygons, except for the green polygon where the reconstruction appears
distorted. A possible explanation for this polygon is the small amount of samples to characterize
this area. The use of the highest possible vertical resolution is reflected in the magenta polygon,
where the two principal local maxima are separated in the CB and CS reconstructions, but not in
the FB reconstruction. For FB, the increase of the sidelobes mix the two maxima, making impossible
to distinguish the two layers.
5.4.2 Tomographic Scenario with Five Acquisitions
A conventional space borne tomographic data set may consist of a maximum of four to five
acquisitions. From Table 5.2 follows that five acquisitions do not allow sidelobe levels bellow -6 dB
keeping the vertical resolution at 6 m. A better PSL performance can only be achieved at the cost of
the vertical resolution (i.e. by reducing the maximum track separation). Table 5.3 shows the PSL
values depending on the vertical resolution for the three wavenumber distributions associated to
five tracks. In order to fulfill the -6 dB requirement for the PSL, the vertical resolution has to be
reduced to 14 m for the free and small distributions and to 16.7 m for the uniform one.
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TABLE 5.3: Peak sidelobe level in dB for the different distributions with five tracks
Vertical Res.1 21 16.7 14 12 10.5 9.3 8.4 7.6 7 6.4 6
Uniform2 -12 -8.3 -5.4 -4.4 -3 -5.5 -2 -4.2 -2.8 -1.2 -1.2
Free -12 -6.9 -6.3 -5.2 -5.3 -5.4 -4.5 -4.7 -5.16 -4.7 -4.4
Small -12 -8.3 -7.8 -5.3 -3.8 -2.9 -2.3 -1.8 -1.5 -1.2 -1.1
1Rayleigh resolution in meters .2The uniform distributions are not always completely uniform as the kz values are
limited to the original positions and two fixed positions are needed to fulfil the requirements in terms of height of
ambiguity and vertical resolution.
Figure 5.3 (e) and (f) show the PSF for a vertical resolution of 14 m using five tracks and the
corresponding vertical wavenumbers. The lower resolution is reflected on a wider main lobe respect
to the one obtained in Figure 5.3 (c). The loss of resolution goes in favour of a reduction of the PSL.
The performance across the three distributions is now more similar, with slightly higher values of
the PSL for the uniform distribution. Also here, the small distribution case appears the favoured
one. Figure 5.4 (c) shows the profiles obtained by the three algorithms for the small distribution. In
contrast to the results in Figure 5.4 (b), the profiles appear cleaner (less gradated) allowing a better
localization of local maxima. However, the profiles show a wider shape compare to the scenarios
with seven and fifteen tracks due to the reduction of the vertical resolution. Nevertheless, for this
specific data set, only the magenta polygon appears to be affected by the degraded resolution.
In that polygon, while CS is able to detect the two layers, FB and CB fail mixing both maxima.
Regarding the difference between the algorithms, FB shows again the lower contrast between the
maxima as well as with the sidelobes, while CS shows the higher contrast that allows a better
discrimination of the maxima.
5.5 Conclusions
This letter analyzes the impact of different number and distributions of acquisitions in SAR
tomography for forest structure applications. Starting from a data set with fifteen tracks, three
wavenumber distributions associated to a reduced number of tracks have been discussed: A
uniform wavenumber distribution, a free distribution of wavenumbers optimized with respect to the
sidelobe level and a small wavenumber distribution. Temporal decorrelation, either in form of high
(temporal) frequency changes (e.g. wind effects) or slower changes of the underlying reflectivity
function has not been accounted.
Constraining the wavenumber distribution to achieve the maximum possible vertical resolution
of 6 m, the obtained results indicate that a minimum number of seven tracks is necessary to suppress
the sidelobes lower than -6 dB. For a tomographic scenario with only five acquisitions, a sidelobe
suppression better than -6 dB can be achieved by reducing the vertical resolution (i.e. reducing
the maximum track separation) down to 14 m. For both scenarios, the results have been discussed
by means of three different TomoSAR reconstruction algorithms (Fourier beamforming, Capon
beamforming and compressive censing) indicating the effect of the choice of the the reconstruction
algorithm.
For a reduced number of acquisitions, a decrease of the vertical resolution is necessary (in the
actual case from 6 to 14 m) to reduce the PSL bellow -6 dB. Such a significant reduction of the
vertical resolution, may be problematic for areas with multiple canopy layers as it compromises
the discrimination of the different forest structure types. In this sense, a possible compromise
would be to use 6 tracks to increase the vertical resolution to 10.5 m and, at the same time, keep the
PSL bellow -6 dB for all distributions. For 5 and 4 tracks, at 10.5 m of resolution, even with a free
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distribution, the PSL increases to -5.3 and -3.6 dB, respectively.
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This section summarises the whole work through the research questions raised in Section 1.3 and
synthesizes the outcomes and open issues of the thesis. The main findings, as well as the key points
investigated for each of the four chapters (i.e. the peer-reviewed publications), are summed up in
Section 6.1. Moreover, the implications and limitations are presented and linked with the outlook
of the work in Section 6.2.
6.1 Summary
The first main research question addressed in this thesis refers to the interpretation of TomoSAR
vertical profiles to characterize physical 3-D forest structure. Chapters 2 and 3 have shown that
it is possible to define indices that are not only able to quantify forest structure from TomoSAR
profiles, but also to characterize structure changes. The second main research question is related
to the TomoSAR imaging performance and has been addressed in Chapters 4 and 5. Different
tomographic algorithms and configurations have been analyzed with a focus on forest structure
applications.
6.1.1 Findings and Key Points Related to Forest Structure Estimation from TomoSAR
Profiles
• In which way 3-D forest structure can be quantified from TomoSAR profiles?
This question has been addressed in Chapter 2, where the characterization of forest structure
(crucial parameter of the forest ecosystem [1]), in terms of horizontal and vertical heterogeneity,
have been investigated according to forestry studies. Following this idea, two indices to quantify
the 3-D forest structure from TomoSAR profiles have been proposed. In contrast to ground
measurements, TomoSAR reflectivity profiles do not provide direct physical structure information.
Instead of that, TomoSAR profiles provide the radar reflectivity within an area of the forest rather
than a physical forest parameter. The variability of the position and the number of local maxima of
the profiles within an area have been used as key attributes of TomoSAR to quantify (by means of
two indices) the horizontal and vertical forest structure. The proposed indices have been applied on
real TomoSAR data at L-band over two temperate forests, using a compressive sensing algorithm
(described in Sections 2.5 and 4.2.2.3). Additionally, the framework has also been tested in a
tropical forest using L- and P- band TomoSAR acquisitions (see Appendix B).
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• How does the forest structure derived from inventory data (i.e ground measurements) is related to the
structures derived from Lidar and TomoSAR measurements?
The values of the forest structure indices obtained from TomoSAR have been compared with
the horizontal and vertical indices from ground measurements based on single-tree information.
From the wide range of indices available in the literature [2], [3], the standard density index [4] and
the standard deviation of the diameter at breast height [5] have been selected as the horizontal and
vertical structure indices, respectively. A temperate forest in Traunstein (Germany) has been chosen
as a test site, where more than 16000 trees in an area of 25 hectares were measured. This is an ideal
condition, as the continuous and extended measurements of the trees in the test site allows a direct
comparison of the forest structure maps obtained from ground measurements and TomoSAR. In
addition, it overcomes the limitation of the standard sparse ground measurements of forests. The
results show that there is a good agreement between the structure indices obtained from inventory
data (i.e. ground measurements) and TomoSAR profiles, which indicates the ecological significance
of the result obtained from TomoSAR.
In order to further explore the capabilities of the structure framework, high-resolution airborne
Lidar over the same area have been used to generate Lidar profiles. Afterwards, these Lidar profiles
have been used to compute the horizontal and vertical structure indices. The structure results
from Lidar and its correlations with the maps obtained with radar and ground measurements
indicate that the concept is also valid for Lidar. Therefore, the high similarity between ground,
Lidar and TomoSAR measurements confirms the validity of the horizontal-vertical framework to
relate different structure measurements.
• Is it possible to monitor forest structure changes with TomoSAR? Are these changes the same as the
ones seen by Lidar, optical images or ground measurements?
An application example of the proposed 3-D horizontal and vertical forest structure framework
is the observation of structure changes. In Chapter 3, from single tree information provided by the
FORMIND forest simulator [6], a simple methodology is proposed to generate radar profiles based
on their relationship with biomass [7]. The use of a simulator allowed testing the sensitivity and
consistency of the forest structure indices to changes due to natural forest evolution or disturbances,
such as a fire event or logging activities. The results show that the horizontal and vertical indices,
not only allow to differentiate different forest structure types, but also to observe the transition
between structure types (e.g. transition from a young to a mature forest) through the changes in
both indices. The concept has been applied to three TomoSAR data sets (in 2008, 2012 and 2016)
at L-band over a temperate forest in Traunstein (Germany) using the same compressive sensing
algorithm as in Chapter 2. The horizontal and vertical structure indices (for each of the years
individually) show different values for each of the (previously known) delimited forest structure
types. This result confirms again the ecological significance of the framework and the ability to
distinguish different forest structure types. Taking into account the period of eight years, changes
reported in external data (Lidar, high-resolution optical images and ground measurements) were
retrieved in the horizontal and vertical structure indices as well. Therefore, the use of such a
framework to get 3-D forest structure from TomoSAR data allows also continuous monitoring of
forests to track different structure changes.
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6.1.2 Findings and Key Points Related to TomoSAR Algorithms and Configurations
• Which are the strengths and weaknesses of the most common tomographic algorithms for imaging
forest volumes?
In Chapter 4 two non-model (or model-free) tomographic algorithms (Fourier beamforming
(FB) [8] and Capon beamforming (CB) [9]) and one hybrid (compressive sensing (CS) [10]–[12])
have been deeply analyzed for forest volumes in terms of forest structure. The achieved vertical
resolution, the ability to detect weak scatterers (canopy layers), the impact of errors in the tracks
and the imaging performance for a reduced number of acquisitions have been discussed. The
results on simulated data show the better resolution of the CS approach compared to CB and
FB, allowing to distinguish closer canopy layers. This feature goes in favour of estimating forest
structure based on the position of the maxima, rather than the shape of the profile. Regarding the
power, none of the algorithms is able to get the correct absolute power. However, they are able to
reconstruct the power ratios between the different scatterers. In terms of robustness to non-uniform
tracks, the FB profiles are affected by large lobes as soon as the tracks become not uniform, while
CB and especially CS profiles are less affected. However, CS can produce artefacts in the profiles as
a consequence of the violation of the assumption of the sparsity in the chosen representation basis.
The algorithms have also been evaluated on four L-band TomoSAR data sets of five images
each one, with a total acquisition period of two months over a temperate forest in Traunstein
(Germany). In order to improve the quality of the data, an interpolation of the original acquisition
tracks to a uniform track distribution has been applied [13]. The results show that the interpolation
is beneficial for compensating the instabilities in the tracks for the three algorithms, but FB is the
one with the most significant improvement thanks to the interpolation.
The results for the different algorithms on real data also confirm the findings of the analysis
with simulated data. CS seems the most appropriate candidate for the estimation of forest structure
based on the position of local maxima of the profiles. Moreover, CS is the most robust algorithm
against non-uniform tracks or with a reduced number of tracks compared to CB and FB. However,
if the number of tracks is sufficiently high in a favourable distribution, approaches like CB or FB
could be a better choice as they do not produce artefacts in the profiles and their computational
cost is considerably lower than CS.
• How do different TomoSAR implementations from space (single-pass such as DLR’s Tandem-L mission
vs repeat-pass such as ESA BIOMASS mission) affect the TomoSAR profiles?
Unlike airborne TomoSAR implementations, where the images are acquired usually on the same
day with some minutes of difference, in space borne implementations temporal gaps of days or
weeks are expected between consecutive acquisitions. In Chapter 4 the effect of these temporal gaps
in terms of two different space borne implementations, repeat-pass (only one satellite, monostatic)
and tandem-like (two simultaneous satellites, bistatic), have been evaluated. The results show that,
with the increase of the temporal gap, the use of a tandem-like system allows a better reconstruction
of the radar reflectivity. The lower resolution of FB and CB goes in favour of a higher robustness of
the imaging than CS. The increase of temporal decorrelation makes the CS profile more unstable in
time, incurring in a higher number of artefacts and a general degradation of the profiles compare
to the ones without temporal decorrelation.
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• How does the configuration (i.e. number and distribution of tracks) of a TomoSAR acquisition affect
the 3-D radar reflectivity estimates and the discrimination among different forest structures?
Independently of the algorithm used for the reconstruction, the configuration of the TomoSAR
system (i.e. the number and the spatial distribution of tracks) affect directly the quality of the
TomoSAR profiles and therefore the capability to distinguish different forest structure types. In
Chapter 5 different TomoSAR configurations have been evaluated by posing three main require-
ments on vertical resolution, height of ambiguity and peak sidelobe level (PSL) of the TomoSAR
point spread function (PSF). By using an over-sampled scenario of fifteen uniform distributed tracks,
the L-band TomoSAR profiles in different forest structure areas of a temperate forest in Traunstein
(Germany) have been used to establish a requirement in terms of PSL. From the TomoSAR profiles
at each area, the power difference between the two main local maxima has been analyzed, and
a PSL of -6 dB is founded sufficient to differentiate the canopy layers from the sidelobes of the
PSF. Three reduced distributions of tracks with a reduced number of tracks have been analyzed:
Uniform distribution, non-uniform (free) distribution optimized to a PSL level and a distribution
with an imposed number of small vertical track displacements. The last type of distribution is
optimized also for a (model-based) forest height inversion [14].
The results show that a uniform distribution is not a good option for scenarios with a reduced
number of tracks, together with a high vertical resolution, as the PSL increases. In this case, it
becomes necessary to distribute the tracks freely. As a consequence, the resulting track distribution
is non-uniform, but the resulting PSL level is low enough to characterize the different forest
structure areas. The difference in terms of PSL between a completely free distribution and one
with constrained small track displacements is not significant. Therefore, the one with small track
displacements is preferred as it also allows forest height inversion methodologies.
In the specific case of a temperate forest in Traunstein (Germany), different scenarios have been
evaluated to analyze the trade-off between the number of tracks and resolution. Taking into account
the limitation of the number of tracks in realistic scenarios, the results show that a reduction of the
resolution (and the PSL) is preferred in contrast to a higher vertical resolution. Although a low
vertical resolution can be problematic to characterize multi-layer canopy scenarios accurately, the
reduction in resolution and PSL goes in favour to a better quality of the TomoSAR profiles and a
robust discrimination of the different forest structure types.
6.2 Open Issues and Outlook
The main achievements described in the previous Section 6.1 raise new issues and questions that
could be faced and answered in future research.
The principal assumption used in the estimation of forest structure from TomoSAR is the
physical significance of the distribution of local maxima in terms of the distribution of trees. Some
models and experiments support this assumption [15]–[17], but there is still not a direct validation
at all frequencies, forest types and spatial scales. On the other hand, the radar signal depends not
only on the structure parameters but also on the dielectric properties of the forest. In order to deal
with these characteristics of radar, this thesis supports the idea that the relative position of maxima
is, in general, more stable than their power. However, positions of local maxima from the same area
could exhibit differences in dry and wet conditions [18] that may affect the horizontal and vertical
forest structure indices. Therefore, the robustness of the forest structure estimation approach should
be further tested under different weather and seasonal conditions, as well as different types of
forests. The analysis on different areas has been started in the work presented in Appendix B for
a tropical forest, but the availability of suitable coincidence of TomoSAR and continuous ground
data limits the validation to only few test sites. Because of this, the estimation of forest structure
from TomoSAR is very promising, but it is not yet fully established and validated. Studies with
tower-based radars [19], [20] can help in the interpretation of the radar profiles under different
6.2. Open Issues and Outlook 121
conditions, but the reduced area of these experiments limits a complete and proper validation of
the forest structure.
The horizontal-vertical structure plane (see Figure 1.1) has been found to be able to link ground,
Lidar and TomoSAR structure measurements, but the representation in a 2-D plane of a 3-D quantity
incurs on an intrinsic loss of information. Moreover, the conceptual orthogonality on the original
idea of the horizontal-vertical plane is not assured for the suggested indicators from TomoSAR
profiles. This non-orthogonality could lead to some ambiguities for some forest structure types.
Moreover, the two indices are not absolute measurements, i.e. in order to compare maps from two
different areas, a suitable normalization needs to be done. At the same time, if different TomoSAR
sets are used, the number of local maxima in the scene could vary. This fact is not problematic
for the vertical index, as it accounts for the relative positions of the local maxima. However, the
horizontal index could exhibit lower values with systems with lower resolutions. Future research
could focus on improving the indices to reduce the limitations of the proposed ones.
The structure indices are obtained by aggregating ground measurements or local maxima from
profiles at a particular spatial scale. This statistical principle allows reducing small uncertainties
and errors at the expenses of resolution, as the number of samples should be significant enough to
have a meaningful result. With this, it is assumed that the forest inside the spatial scale used to
compute the structure indices is as much uniform as possible. In general, forest structure estimation
has been done for a fixed size of the spatial scale, and only a small analysis of different scales have
been discussed in Section 2.3.4. The simultaneous use of indices calculated at multiple scales could
allow a better characterization and distinction of forest structure types [21].
The test sites considered during the thesis are located in flat areas with almost no topography.
However, the effect of slopes has an impact on the incidence angle which is translated into a
different geometric projection of the scatterers distribution (TomoSAR profile) in the elevation
direction. As a consequence, this distortion of the profiles may have an impact on the structure
indices obtained in the slopes. The estimation and interpretation of the profiles in these areas is
still an open issue to be further investigated.
The initialization of the CS algorithm for the TomoSAR inversion has some degrees of freedom,
such as the wavelet basis [22] or the minimization algorithm [23], [24]. These settings can change the
TomoSAR profiles, it would be interesting to investigate if these settings could be fixed adaptively
to the data to achieve the best possible result. An additional issue to be further investigated in
CS algorithms is the reduction of the high computational cost, which could limit the use in real
applications where a huge amount of data would need to be processed.
The importance of biomass has been stressed as one of the main parameters of interest of the
forest [25]. The use of structure indices to constrain the relationships for (a better) estimation
of biomass should be investigated along the line of previous works [26], [27]. Besides, the ESA
BIOMASS and DLR’s Tandem-L missions will provide for the first time unique TomoSAR data sets
over the forests around the Earth that will open the door to further analysis and improvements of
3-D forest structure applications from TomoSAR data.
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Abstract
The estimation and monitoring of 3D forest structure at large scales strongly rely on the 
use of remote sensing techniques. Today, two of them are able to provide 3D forest struc-
ture estimates: lidar and synthetic aperture radar (SAR) configurations. The differences in 
wavelength, imaging geometry, and technical implementation make the measurements pro-
vided by the two configurations different and, when it comes to the sensitivity to individual 
3D forest structure components, complementary. Accordingly, the potential of combining 
lidar and SAR measurements toward an improved 3D forest structure estimation has been 
recognised from the very beginning. However, until today there is no established frame-
work for this combination. This paper attempts to review differences, commonalities, and 
complementarities of lidar and SAR measurements. First, vertical  lidar reflectance and 
SAR reflectivity profiles at different wavelengths are compared in different forest types. 
Then, current perspectives on their combination for the generation of enhanced structure 
products are discussed. Two promising frameworks for combining lidar and SAR measure-
ments are reviewed. The first one is a model-based framework where lidar-derived param-
eters are used to initialize SAR scattering models, and relies on both the validity of the 
models and on the physical equivalence of the used lidar and SAR parameters. The second 
one is a structure-based framework based on the ability of lidar and SAR measurements to 
express physical forest structure by means of appropriate indices. These indices can then 
be used to establish a link between the two kind of measurements. The review is supported 
by experimental results achieved using space- and airborne data acquired in recent relevant 
mission and campaigns.
Keywords Forest · Structure · Height · Lidar · Synthetic-aperture radar (SAR) · 
Full waveforms · Polarimetric SAR interferometry (Pol-InSAR) · SAR tomography 
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1 Introduction
The development and functionality of forests are widely reflected in their biophysical struc-
ture. According to a commonly used definition, forest (canopy) structure is “the organi-
sation in space and time, including the position, extent, quantity, type and connectivity, 
of the aboveground components of vegetation” (Parker 1995; Lefsky et  al. 1999; Spies 
1998; Harding et al. 2001; Snyder 2010). Thus, it expresses forest state, functionality, bio-
diversity and evolution (Hall et al. 2011; Brokaw and Lent 1999; McElhinny et al. 2005). 
Accordingly, forest structure is an indicator of forest successional stage and development as 
well as sustainability and habitability, and is therefore an important parameter for assessing 
forest productivity (Bohn and Huth 2017), biomass and biodiversity (Bergen et al. 2009; 
Goetz et al. 2007; Turner et al. 2003). Forest structure changes are associated with dynamic 
processes such as growth, regeneration, decay, and natural or anthropogenic disturbance. 
Knowledge about such processes is important for modeling the function and development 
of forest ecosystems, and for developing  accurate and robust forest biomass estimators 
(Frolking et al. 2009). Mapping forest structure is therefore critical for understanding the 
history, function, and future of forest ecosystems.
Traditionally, forest structure characterisation relies on sampling at local scales by 
means of either field inventory plots or more recently terrestrial laser scanning techniques 
able to catch the 3D arrangement of vegetation compartments. However, any extrapolation 
to larger scales is limited by the ability of these measurements to represent larger areas. 
Moreover, the fact that the temporal continuity of such plot measurements is in many cases 
difficult to be established limits even more their ability to characterise forest structure 
change. In this context, remote sensing techniques offer the potential to overcome, at least 
partially, these limitations (Hall et al. 2011; Bergen et al. 2009; Goetz et al. 2007; Turner 
et al. 2003; Frolking et al. 2009). Today, only two remote sensing techniques can provide 
3D information and contribute to the characterisation of forest structure at large scales 
(Hall et al. 2011): lidar and synthetic-aperture radar (SAR).
Lidar systems are active configurations usually operating in the infrared or visible 
region of the electromagnetic spectrum at wavelengths in the nm range. They transmit laser 
pulses in nadir-looking geometry which “illuminate” a given footprint on the ground whose 
diameter is typically in the order of decimeters for small-footprint lidar up to tens of meters 
for large-footprint configurations. The transmitted pulses are  reflected by the vegetation 
elements within the footprint back to the sensor, where they are usually “incoherently” 
recorded, i.e., only the energy (amplitude) of the reflected light is detected as a function of 
the signal runtime. A single transmitted laser pulse can be reflected by different vegetation 
elements located at different heights  within the footprint, leading to multiple reflections 
and an extended distribution of light energy that returns to the sensor. The distribution of 
light energy that returns to the sensor is known as waveform and is directly related to the 
3D distribution of the intercepted vegetation surfaces within the footprint (Dubayah and 
Drake 2000).
SAR configurations also transmit electromagnetic pulses, but differently from the 
lidar sensors in the microwave region of the electromagnetic spectrum (wavelengths 
in  the order of cm to dm) in a side-looking geometry. The transmitted pulses interact 
with Earth’s surface, and only a portion of them is scattered back to the sensor. The 
backscattered pulses are “coherently” recorded by the receiver, i.e., both their amplitude 
and phase are measured. The amplitude and phase of the backscattered signal depend 
on the geometric and dielectric properties of the scatterers and their distribution within 
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the antenna footprint, i.e., the illuminated area/volume. With increasing wavelength 
(decreasing frequency)  radar pulses penetrate more and more into and through vege-
tation layers, and interact with vegetation elements located at different heights within 
the forest volume and with the underlying ground. However, a single SAR image, even 
if it results from the interaction of the transmitted pulse(s) with the whole 3D forest 
structure, does not allow a reconstruction of the 3D distribution of scatterers. For this, 
a set of SAR images acquired under (slightly) different angular directions (i.e., inci-
dence angles) is required in the context of interferometric (InSAR) and tomographic 
SAR measurements (Moreira et al. 2013). The side-looking geometry complicates addi-
tionally the interpretation of a single SAR image, but at the same time, it allows the 
separation of the scatterers in the ground range direction and  the realisation of wide 
swath widths up to hundreds of kilometers. Spaceborne SAR configurations of the latest 
generation can therefore realize revisit times between 1 and 2 weeks with resolution on 
ground between 1 m and 10 m.
Accordingly, the combined use of lidar and SAR data has the potential to enhance the 
quality of forest structure characterization by improving the accuracy of physical for-
est structure parameter estimates, (e.g., forest height and biomass). The combination of 
SAR and lidar data becomes even more relevant in view of a multitude of SAR and lidar 
spaceborne missions that are curently operational or planned to be launched and oper-
ated in the coming years to meet a number of forest-related objectives. Lidar missions 
like NASA’s GEDI (Dubayah 2015) and IceSAT-2 (Neuenschwander and Magruder 
2018) or JAXA’s MOLI (Mitsuhashi et  al. 2018) and SAR missions like ESA’s BIO-
MASS (Le Toan et  al. 2011) NASA’s NISAR (Rosen et  al. 2017) and/or DLR’s Tan-
DEM-X (Krieger et al. 2013) and Tandem-L (Moreira et al. 2015) are expected to oper-
ate and acquire data simultaneously or contiguously in time. For this, the understanding 
of the complementarities and possible synergies between lidar and  SAR (i.e., polari-
metric SAR interferometry, Pol-InSAR, and/or SAR tomography, TomoSAR) measure-
ments is required.
The similarity of information content of lidar and SAR measurements arises from their 
common sensitivity to the size and location of vegetation elements in the forest volume. 
The difference, thus complementarity, arises from the different wavelengths and the differ-
ent acquisition geometries (i.e., nadir-looking vs. side-looking) defining  the interaction of 
the transmitted pulses with the forest elements. For lidar, the penetration into and through 
the canopy layer is supported by the nadir-looking geometry that facilitates the penetration 
through vegetation gaps, while longer wavelengths allow SAR pulses to penetrate into and 
through canopy layers even in side-looking geometries. The structure information revealed 
by lidar measurements primarily implies the geometry of trunk and branch structure form-
ing and supporting the canopy. On the other hand, the relative importance of the different 
tree components (e.g., leaves, branches, trunks) in SAR measurements depends on their 
vertical and horizontal distribution and the wavelength. Further, in contrast to lidar, SAR 
measurements are also  sensitive to the dielectric properties  of the forest which depend 
strongly on the amount and distribution of water across the vegetation elements (Hall et al. 
2011; Moreira et al. 2013).
The difference in information content is one dimension that can be exploited for the 
development of lidar-SAR fusion algorithms. In this case, lidar and SAR data are com-
bined in a commonly valid scattering or allometric model. One example is the direct use 
of lidar measurements or lidar-derived parameters to support and/or improve model-based 
inversions of forest structure parameters from SAR data. The use of lidar data allows to 
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employ more complex physical models and to decouple the geometric from the dielectric 
information of the SAR data. This could be particularly important for instance to support 
smaller SAR observations spaces repeated in time to detect structural or dielectric changes. 
This concept has been demonstrated to estimate top height from X-band SAR interfero-
metric coherence measurements by means of the Random-Volume-over-Ground (RVoG) 
model using the  lidar ground topography (Kugler et al. 2014). Similarly, the use of lidar 
ground and top forest height in the RVoG model allows the estimation of the attenuation 
of SAR pulses through the vegetation again from interferometric coherences (Praks et al. 
2012; Pardini et al. 2016; Qi and Dubayah 2016). Furthermore, higher-dimensional frame-
works for the extraction of structure information from radar reflectivity profiles can benefit 
from the use of lidar vegetation profiles for parameterisation (Brolly et  al. 2016). How-
ever, these approaches rely not only on the validity of the model(s) used to combine the 
two data sets, but also require that lidar and SAR configurations share a set of physically 
equivalent parameters. However, this is not always the case as, especially with increasing 
difference in the lidar and radar wavelengths, the differences in the scattering and propaga-
tion make lidar and SAR pulses interact differently with the physical vegetation elements. 
The loss of physical equivalence between SAR and lidar parameters makes the lidar-based 
parameterisation of SAR models lose significance (Treuhaft et al. 2009; Brolly et al. 2016; 
Pardini et al. 2018a, b).
The second dimension that can be used to combine lidar and radar data is their comple-
mentarity in terms of acquisition and measurement characteristics driven by the individual 
technologies and acquisition strategies. With particular reference to spaceborne implemen-
tations, lidar measurements are typically acquired by means of footprint samples along 
rather narrow stripes so that large scale coverage and short revisit times become challeng-
ing to achieve. In contrast, SAR measurements are continuous with high spatial resolution, 
and can be implemented by means of wide swaths that allow large scale coverage and short 
revisit times (Bamler and Hartl 1998; Moreira et al. 2013). At the same time, lidar con-
figurations allow direct measurement of vegetation reflectance profiles with a fairly high 
vertical resolution, while SAR systems measure backscattering amplitudes and/or inter-
ferometric coherences at different polarizations (Pol-InSAR) or radar reflectivity profiles 
(TomoSAR) with a lower vertical resolution, which are not always straightforward to be 
interpreted in terms of physical forest structure.
In this case, the combination of lidar and SAR measurements strongly depends 
on the ability to establish a (physical or statistical) link between them at the differ-
ent scales/resolutions performed. This link can be established by means of statistical 
regression(s), and several examples for such an approach have been reported in the lit-
erature, for example aiming at biomass estimation by combining lidar heights and SAR 
backscatter and/or interferometric parameters [see, e.g., (Kellndorfer et  al. 2010; Sun 
et  al. 2011; Tsui et  al. 2013; Fatoyinbo and Simard 2013; Kaasalainen et  al. 2015)]. 
On the other hand, lidar and SAR measurements can be linked more systematically by 
means of a scattering model or by means of common structure-dependent indices. The 
choice between the two frameworks strongly depends on the individual information con-
tent. The applicability of the model-based framework relies on the common sensitivity 
to geometric parameters. For instance, the lidar ground height has been used to bridge 
the spatial (Qi and Dubayah 2016, here together with forest heights at lidar footprint 
locations) or the temporal (Persson et al. 2017) dissimilarities of lidar and SAR meas-
urements to obtain continuous estimates of forest height and of its changes over large 
scales. On the other hand, the structure-based framework aims at establishing a cor-
respondence between lidar and Pol-InSAR/TomoSAR measurements by means of their 
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capability in reflecting physical 3D forest structure through appropriate indices without 
necessarily exchanging parameters (Cazcarra-Bes et al. 2017; Tello et al. 2018; Pardini 
et al. 2018a). In this way, not only the commonalities, but also the complementarities of 
the different configurations and wavelengths can be exploited. Although promising, the 
latter framework is in a very early stage of development, considering also that the inter-
pretation of 3D SAR reflectivity in terms of physical forest structure attributes is not as 
advanced as for lidar profiles.
The objective of this paper is to review (i) the differences, thus indicating  the com-
plementarities, in terms of information content of lidar and SAR measurements at differ-
ent wavelengths, and (ii) the model-based and the structure-based frameworks in which 
their combination appears promising. Section 2 presents from a theoretical point of view 
how lidar and SAR measurements are linked to forest structure, and the factors affecting 
this relationship. The complementarity between the information content of lidar and SAR 
measurements is then addressed in Sect. 3 by using reflectance and reflectivity profiles in 
different forest types. The dependency of the SAR profiles on wavelength, dielectric prop-
erties, 3D structure, and temporal changes is shown. For this, real airborne SAR (DLR 
E-SAR and F-SAR platforms) and lidar data acquired over the temperate Traunstein forest 
(South of Germany) are used. As an example of a tropical forest site lidar and SAR results 
over the ForestGEO (Smithsonian Institution Forest Global Earth Observatories) plot in 
Rabi (Gabon) are also shown. The model-based framework is reviewed in Sect. 4 with a 
case study concerning forest height estimation. With reference to a spaceborne implemen-
tation, one InSAR coherence is used to fill the spatial gaps of a lidar acquisition that, in 
turn, parameterises the RVoG model. Different parameterisation strategies are compared. 
Concerning the structure-based framework, Sect. 5 reviews a case study on the Rabi plot in 
which indices expressing horizontal and vertical heterogeneity of structure are calculated 
from lidar waveforms and TomoSAR profiles, in correspondence to structure indices with 
the same meaning already established in forestry and ecology. Finally, Sect. 6 draws the 
conclusions.
2  Basics of Lidar and SAR Measurements of Forest Structure
2.1  Lidar Measurements
Lidar measurements rely on the transmission of laser pulses of finite length towards 
a scene. The pulses are intercepted, attenuated and reflected (i.e., backscattered)  by the 
branches and leaves of the vegetation canopy, and by the ground, and return back to the 
sensor. The receiver records the reflected distribution of (light) energy (i.e., the waveform) 
as a function of time. The time a pulse takes after being transmitted to return to the sensor 
depends on the range and the scattering properties of intercepted objects within the illumi-
nated part of the scene (i.e., the footprint) as well as the distance between the laser source 
and the receiver, and the actual atmospheric conditions. The range between the sensor and 
an intercepted object is calculated as ri = c(ti − t0)∕2 , where c is the speed of light, t0 is the 
timing of the transmitted pulse and ti is the timing of a peak or discretised range bin of the 
received waveform. Accordingly, the received waveform depends directly on the 3D dis-
tribution of the intercepted vegetation elements within the footprint (Dubayah and Drake 
2000).
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The reflected energy from a vegetation layer of thickness (i.e., height) HV located over 
a reference elevation zG—ignoring for simplicity the propagation through the atmosphere 
and assuming a random distribution of scattering elements and penetration until the ground 
level zG—can generally be modelled as
where P0 is the total returned power, where 훽(x, y, z) is the volumetric reflection of the veg-
etation layer, 휏 the volumetric extinction coefficient that accounts for the two-way attenua-
tion within the vegetation layer.
Vegetation lidar instruments use in general wavelengths of 1064 nm or 1550 nm and 
are designed to maximise the measurement signal-to-noise ratio considering atmospheric 
attenuation,  eye-safey, and the reflectance of ground and  vegetation elements at those 
wavelengths. The way the distribution of light energy that returns to the sensor is received 
and recorded categorises lidar instruments as discrete return or waveform:
1. “Discrete return” lidar systems record only individual (discrete) peaks (i.e., time-stamped 
ranges triggered real-time) of the waveform. They identify peaks and record a point at each 
peak location in the waveform curve. These individual or discrete points are called returns. 
A discrete system may record 1–4 (and sometimes more) returns from each laser pulse.
2. “Full-waveform” lidar systems record the distribution of transmitted and returned light 
energy. Accordingly, (full) waveform lidar data contain more information compared to 
discrete return lidar systems, but are more complex to process. Waveform lidar systems 
sample the returned waveform at a higher frequency and record the energy returned over 
equal time intervals.
Discrete return lidars are typically designed for fine-scale topographic airborne map-
ping, therefore their footprint is typically kept to 0.1 to 2 m by employing a small beam 
divergence angle. However, large-footprint (> 5 m) waveform lidar have several advantages 
over small footprint ones for mapping vegetation (Dubayah and Drake 2000). First, with a 
footprint comparable to the average crown diameter (10–25 m), there is a higher probabil-
ity to contain both ground and tree top at the same time in a waveform. Second, larger foot-
prints can cover wider areas at a lower cost. Large-footprint full-waveform lidar systems 
from airborne platforms such as the NASA Laser Vegetation, and Ice Sensor (LVIS; Blair 
et al. 1999) are being used not only for many vegetation studies, but also for calibration and 
validation of structure parameter extraction algorithms for instruments on spaceborne plat-
forms, like the GEDI (Global Ecosystem Dynamics Investigation).
Central to the use of lidar measurements for estimating vegetation structure parame-
ters is the separation of   reflections (returns) from canopy and ground surfaces. Simple 
waveforms are common from bare ground and complex waveforms from heterogeneous 
forest canopies. In addition to the characteristics of canopy structure, waveform shapes 
are affected by ground slope, pulse width and the spatial distribution of wavefront energy 
(Dubayah et al. 2000). The first and last modes along the profile of a recorded waveform 
are typically associated with the highest and lowest reflecting surfaces within the footprint, 
respectively. Identification of these modes within the waveform is required to precisely 
geolocate the corresponding reflecting surfaces and calculate statistical quantile metrics 
from the integrated waveform between these ranging points. These statistical quantiles are 




dz∬ 훽(x, y, z) ⋅ e−휏(z−zG)dydx,
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typically referred to as relative height (RH) metrics (sketched in Fig. 1), which are often 
used in models to predict aboveground biomass density (Dubayah et al. 2010). The deriva-
tion of vertical structure of vegetation canopies from lidar waveform data, though, depends 
on the knowledge of the relationship between lidar waveforms and the spatial structure and 
optical properties of vegetation canopies.
In addition to “lidar perceived” statistical metrics, large-footprint waveform lidars ena-
ble the estimation of biophysical metrics, as they are a direct measurement of the verti-
cal distribution of the intercepted surfaces between the canopy top and the ground. In the 
absence of multiple scattering, a received waveform is the product of the projected area 
of canopy/background materials along the path of the laser pulse, their single scattering 
albedo, and phase function. The projected area of canopy/background materials is often 
expressed as the canopy gap probability ( Pgap ), which is a parameter that is fundamental 
to linking lidar measurements, vertical and horizontal canopy structure, and the radiation 
regime of a plant canopy (Armston et  al. 2013; Ni-Meister et  al. 2001). The directional 
gap probability, Pgap ( 휃 ), is defined as the probability of a beam of infinitesimal width at 
zenith angle 휃 to the local normal, being directly transmitted through a canopy. The verti-
cal distribution of lidar-derived Pgap is indirectly related to the vertical distribution of plant 
area, enabling the estimation of Plant Area Index (PAI), vegetation cover and their vertical 
profiles (Ni-Meister et al. 2001; Tang et al. 2012).
Surface elevation, height, and vertical profiles of PAI and vegetation  cover are all 
structure parameters that are being generated from GEDI waveform lidar measure-
ments. However, in contrast to airborne scanning systems such as LVIS, spaceborne 
lidar instruments such as NASA’s ICESat/GLAS and GEDI are profiling instruments 
and may only measure a fraction of the Earth’s surface. For example,  during GEDI’s 
2-year mission life, waveform measurements are made over the Earth’s surface between 
51.6°N and 51.6°S, resulting in approximately 10  billion observations of the Earth’s 
land surface in absence of clouds. The sampling pattern is optimised to maximise 
the geographic coverage of these observations. In the case of GEDI, shown in Fig. 2, 
Fig. 1  Example of a lidar wave-
form simulated from airborne 
discrete return lidar data acquired 
over a complex rainforest canopy 
at La Selva Biological Station, 
Costa Rica, showing the energy 
returned from the ground surface 
(brown) and the energy returned 
from the canopy (green) as a 
function of elevation. The refer-
ence ground elevation is shown 
along with the 25th, 50th, 75th, 
and 100th percentile relative 
height (RH) metrics extracted 
from the cumulated energy 
profile (dashed line)
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three lasers (two full power and a coverage one) generate four beams that are dithered 
to allow data collection along 8 tracks separated by 600  m  in across-track  direction. 
This way, a total across-track width of 4.2 km is covered by a single GEDI overflight. 
Along each track, footprints with a nominal diameter of 25 m are illuminated on ground 
and separated by 60 m in the along-track direction.
Lidar acquisitions are limited by the presence of clouds and dense atmospheric haze: 
in these cases, the signal is often attenuated before it reaches the ground. In addition, 
the estimation of the sub-canopy topography, vegetation height and the interpretation of 
the waveform in terms of physical structure is affected directly by multiple scattering, 
sloped terrains and off-nadir pointing (Yang et al. 2011). Multiple scattering occurring 
in optically thick media distort the waveform making their interpretation more diffi-
cult. Additionally, off-nadir pointing and/or a sloped terrain may also deform the verti-
cal waveform shape with respect to a nadir pointing and/or flat terrain. Sloped terrains 
typically extend the ground return and make it closer to, or even overlapping with, the 
vegetation returns. This effect becomes more critical at larger footprint sizes. For an 
off-nadir pointing angle, a larger amount of light energy tends to remain trapped in the 
upper canopy layers. If penetration to the ground occurs, the ground peak can disappear 
even on a flat terrain, similarly to the sloped terrain and nadir pointing case. However, 
in an off-nadir pointing lidar the path length is tilted with respect to the tree growth 
direction, and this has to be accounted for in the height estimation process. Finally, it is 
worth remarking that spaceborne lidar sensor are further limited due to the sampling on 
ground, that leads to a gapped coverage and hampers high spatial resolution (e.g., 1 ha) 
mapping of forest structure characteristics. In this case, high-resolution mapping can be 
achieved by combining the lidar data with those from different sensors (e.g., radar or 
optical).
Fig. 2  The sampling pattern of the NASA Global Ecosystems Dynamics Investigation (GEDI) mission, 
illustrating the arrangement of ground tracks generated from the full power and coverage laser beams. Ver-
tical and horizontal spacing of footprints are not to scale
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2.2  SAR Measurements
SAR systems are installed on moving platforms, typically airborne or spaceborne, and trans-
mit electromagnetic pulses in side-looking geometry (see Fig. 3). The radiation backscattered 
from the illuminated footprint  is recorded continuously. The  illuminated width of the foot-
print, i.e. the swath width, extends for 1–20 km in the airborne case and for 30–500 km in the 
spaceborne case, with typical resolution between 1 and 10 m (Moreira et al. 2013).
The received signals are coherently processed in order to focus 2D SAR (amplitude and 
phase) single-look complex (SLC) images in the slant range ( r , parallel to the line of sight)—
azimuth ( x , parallel to the flight direction) plane. According to the Born approximation, the 
backscattered radiation is the linear superposition of the contributions arising from the indi-
vidual scatterers (i.e., the physical vegetation elements). Multiple scattering phenomena from 
their mutual interactions are neglected. As a consequence, the SLC complex amplitude for a 




 coordinates can be expressed 
as a volume integral (Bamler and Hartl 1998; Fornaro et al. 2003):
where s is the elevation coordinate, R(r, s) is the distance between the antenna and the 
elementary volume defined by drdxds , 휆 is the wavelength, and h(r, x) is the (end-to-end) 
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Fig. 3  SAR and (Pol-)InSAR acquisition geometry in the basic single baseline configuration. The azimuth 
axis is orthogonal to the plane of the page. Angles and distances are not to scale
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resolutions (Bamler and Hartl 1998). 휉(r, x, s) is the (unknown) 3D complex radar reflec-
tivity, resulting from the interaction between the transmitted pulse and the scatterer. From 
(2), it is apparent that a SAR image alone contains backscatter amplitude information that 
depends on the full 3D forest structure, but it does not provide structure reconstruction 
capability as a consequence of the integration in s.
The sensitivity to the vertical dimension can be recovered in an InSAR configuration 








 acquired under a (slight) angular 
diversity (incidence angle) from tracks or orbits separated in space by a baseline of length 
B . With reference to Fig. 3, InSAR can localize a scatterer by measuring the phase differ-
ence in the SLCs induced by the difference of the distances from the two SAR platform 
positions to the scatterer. The sensitivity (i.e., the derivative) of the InSAR phase difference 
with respect to the vertical height corresponds to the so-called vertical wavenumber, which 
is given by (Reigber and Moreira 2000; Papathanassiou and Cloude 2001):
where B⊥ is the orthogonal baseline, i.e., the length of the projection of the InSAR baseline 
in the direction orthogonal to the line of sight, and 휃0 is the incidence angle. As any phase 
value, the interferometric phase is ambiguous by integer multiples of 2휋 . As a consequence, 
the related height measurements are ambiguous over a height interval HoA = 2휋∕kZ.
The scattering from natural media, including forests, is typically regarded as a stochastic 
process. Although Gaussianity may not hold depending on wavelength and/or resolution, 
the use of second-order statistics has been proven to be valuable for the extraction of scat-
terer information. Thus, the complex coherence is considered and it is defined as:
where E{⋅} indicates the statistical expectation operator, and the asterisk indicates the com-
plex conjugate. The dependence of the coherence on kZ has been explicitly indicated at 





 in (4) would require several realizations of the underlying stochastic 
process, which are generally not available in reality. Therefore, assuming spatial ergodicity, 
reliable measurements of the statistical expectations in (4) are typically obtained by aver-
aging neighboring pixels within a range–azimuth (multilook) cell.
By following all the algebraic development (see Appendix 1), and by considering the 
presence of noise, the complex coherence (3) becomes (Zebker and Villasenor 1992; Bam-
ler and Hartl 1998):
In (5), 훾Sys includes a wide range of decorrelation effects induced by the SAR system 
and processing inaccuracies (e.g., quantization, co-registration, range and azimuth ambi-
guities, …), while 훾SNR is the decorrelation induced by the presence of noise, and therefore 
by a finite signal-to-noise ratio. 훾S(kZ) is a (real-valued) decorrelation term that depends on 
h(r, x) (Zebker and Villasenor 1992; Bamler and Hartl 1998). The former two terms can 
be compensated by exploiting the available SAR system characterisation, while 훾S(kZ) is 
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remaining term 훾vol(kZ) is the volume decorrelation, and expresses the spectral decorrela-
tion properties of the 3D reflectivity:
In (6), Fvol(z) is the spatial density of backscattered power along height (i.e., a projection 
of 휉(r, x, s) , see Appendix 1) for the fixed range cell, called also vertical reflectivity pro-
file. zG is a reference volume bottom height [see also (1)] and HV is the volume extension 
above zG . If the wavelength allows penetration down to the underlying ground, then zG is 
the ground height with respect to the global or local height considered as a reference.
The vertical reflectivity Fvol(z) reflects the physical (geometric) 3D distribution of vege-
tation elements through scattering and attenuation processes that depend on the SAR wave-
length, incidence angle, polarisation, and the dielectric properties of the canopy layers:
• The wavelength defines directly the scattering of and the propagation through the veg-
etation. Longer wavelengths (e.g., P- and L-bands) are more sensitive to larger vegeta-
tion elements. At the same time, a (high) penetration through them provides propaga-
tion and sensitivity down to the ground. The sensitivity to smaller elements, which can 
still be relevant from an ecological point of view, increases with decreasing wavelength 
(from S- up to X-band). However, the attenuation of the vegetation increases. Hence, at 
shorter wavelengths the propagation through (even small) vegetation gaps contributes 
to the penetration to a larger extent than at longer wavelengths.
• For a fixed slant range, wavefronts at steeper (i.e., closer to nadir) incidence angles 
have a wider projection on the horizontal plane, thus Fvol(z) results more sensitive 
to the projection of the horizontal distribution of the effective scatterers. In contrast, 
shallower incidence angles (i.e., far from nadir), increase the sensitivity to the vertical 
distribution. At the same time, the incidence angle defines the length of the propaga-
tion path through the vegetation volume, hence the (two-way) attenuation of the trans-
mitted wave as a function of height. Steeper incidence angles are less attenuated than 
shallower ones for the same stand characteristics. Not only this, but steeper incidence 
angles facilitate penetration through gaps at shorter wavelengths.
• The orientation of the scattering vegetation elements as a function of height affects the 
related distribution of the backscattered power in the different SAR polarisation chan-
nels. Therefore, the relative power levels of scattering components at different heights 
in Fvol(z) can be changed by changing polarisation channel.
• The dielectric properties of the vegetation elements affect their scattering and attenua-
tion, which depend on the water content of the tree tissuesand on its distribution. Die-
lectric changes can occur due to both environmental (e.g., rains, droughts, snowfalls…) 
and seasonal changes, and Fvol(z) can change accordingly although the extent and type 
of change can be wavelength-dependent (Pardini and Papathanassiou 2018; Bai et  al 
2018; Kugler et al 2014).
Equation  (6) shows that the volume coherence 훾vol(kZ) and the vertical reflectivity 
profile Fvol(z) form a Fourier pair, i.e., an InSAR acquisition corresponds to one Fourier 
component of the reflectivity profile  at a  spatial frequency equal to the vertical wave-
number. One single-baseline InSAR measurement makes it possible to extract the height 
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(DEM),  corresponding (at first order) to the “center of mass” of Fvol(z) . It is calculated 
as zDEM(kZ) = 휑vol,u(kZ)∕kZ , with 휑vol,u(kZ) being the phase of the volume coherence after 
unwrapping. In order to be able to estimate a larger number of parameters, one can increase 
the observation space by acquiring interferometric pairs in different polarisation channels, 
and/or by acquiring multiple images from multiple track/orbit displacements (multi-base-
line acquisition). Two different approaches can then be followed:
 (A1) The first one is to parameterise Fvol(z) in terms of geometrical and scattering prop-
erties and to use then the set of measured 훾vol(kZ) to estimate the individual model 
parameters, as it is done with Pol-InSAR inversions (Papathanassiou and Cloude 
2001). The scattering model, whose validity is in general frequency-dependent, is 
essential for the significance and accuracy of the estimated parameters. The model 
should contain enough physical structure to interpret the interferometric measure-
ments, and at the same time, it must be simple in terms of number of parameters in 
order to be determinable with the available (in general limited) number of measured 
coherences.
 (A2) The second approach is the most direct one, and attempts to invert the Fourier rela-
tionship (6) provided that a set of measurements of 훾vol(kZ) is available at suitable 
kZ , according to the TomoSAR imaging principle (Reigber and Moreira 2000). This 
approach is more expensive in terms of acquisitions needed, but it has the advantage 
that no assumption on the shape of Fvol(z) is required, allowing the reconstruction of 
arbitrary vertical reflectivity profiles. The smallest available HoA (i.e., the largest kZ ) 
is the TomoSAR vertical resolution (Rayleigh limit).
Pol-InSAR model-based inversion approaches have been demonstrated, e.g., for forest 
height estimation in boreal, temperate and tropical forests at multiple frequencies from P- 
up to X-band, considering both airborne and spaceborne platforms (Papathanassiou and 
Cloude 2001; Garestier et  al. 2008; Neumann et  al 2010; Lee et  al. 2013; Kugler et  al. 
2014; Lavalle and Hensley 2015; Simard and Denbina 2018). The TomoSAR reconstruc-
tion of Fvol(z) has been demonstrated in airborne experiments across different forest types 
(Reigber and Moreira 2000; Frey and Meyer 2011; Tebaldini and Rocca 2012; Mariotti 
et al. 2012; Pardini et al. 2018a, b). Several algorithmic solutions have been found in the 
spectral estimation theory (Gini et al. 2002; Frey and Meyer 2011; Aguilera et al. 2013) 
to improve the imaging performance against the typical low number and the irregular dis-
tribution of the flight tracks/orbits. Among the several alternatives, the model-free Capon 
spectral estimator (Lombardini and Reigber 2003) is widely employed, and can provide 
vertical resolution beyond the Rayleigh limit (Cazcarra et al. 2019).
As a final remark, a fundamental prerequisite for a successful estimation of 3D structure 
parameters from SAR acquisitions is the stationarity of Fvol(z) within the total acquisition 
time. Changes can be induced by, e.g., the movement of the vegetation under the action 
of wind, or changes in the dielectric properties, and introduce an additional (wavelength-
dependent) temporal decorrelation factor in (4). If not properly accounted for, the inversion 
problem may become ambiguous if not unfeasible (Lee et al. 2013; Lavalle and Hensley 
2015). On the other hand, (bistatic) single-pass (Pol-)InSAR acquisitions provide tempo-
ral decorrelation-free measurements of 훾vol(kZ) , although dielectric changes may still occur 
between acquisitions. In this frame, a full separation between geometric and dielectric con-
tributions within the same vertical reflectivity profile or its parameters would only be pos-
sible with single-pass multistatic TomoSAR constellations.
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3  A Comparison Between Lidar and SAR Profiles at Different 
Wavelengths
In this Section, the dependency of the TomoSAR vertical reflectivity profiles on wave-
length, dielectric properties, and structure types is discussed by comparing profiles 
extracted in the temperate Traunstein (Germany) and the tropical Rabi (Gabon) forest sites. 
Details on the used lidar and SAR data sets are reported in Appendix 2. TomoSAR vertical 
profiles have been estimated in the HV channel in square range–azimuth multilook cells 
measuring 20 m × 20 m, corresponding to the profile resolution in the horizontal range–azi-
muth plane. The profiles have been obtained by means of the Capon spectral estimator 
(Lombardini and Reigber 2003). Since lidar waveforms were available only in Rabi, lidar 
profiles have been generated in Traunstein as the histogram of all the recorded ALS returns 
as a function of height.
The profiles in Fig. 4 have been calculated in the Traunstein forest, and refer to different 
growth stages (“transition”, “close-to-nature”, “mature” and “young”) which are typical of 
this forest site. The profiles in Fig. 5 have been estimated in the Rabi forest in correspond-
ence of a ForestGEO inventory plot (see Appendix 2).
The ability of the different wavelengths of penetrating into and through the canopy 
layers can be assessed directly by detecting the presence and measuring the power of the 
ground scattering in the profiles. In both Traunstein and Rabi, the ground scattering is well 
visible in almost all the P-band profiles (see Figs.  4a, 5a). A larger variation of ground 
power across forest stands occurs at L-band due to the higher sensitivity to the spatial vari-
ations of the attenuation levels induced by the changes of both canopy density and water 
content (see Figs. 4b, 5b). In Traunstein, the L-band profiles in Fig. 4c have been obtained 
with data acquired around 3.5 years after the ones used to generate the profiles in Fig. 4b, 
and show a change of ground power. This can be due to a change of canopy attenuation 
caused by a change of both canopy density, as a result of forest management, and dielectric 
properties, as a result of seasonality-induced redistributions of water content. The effect 
of forest management is particularly visible in the “transition” stands, in which old taller 
trees are cut to allow the growth of the younger shorter ones below. This is recognisable 
also in the sparsity of the lidar returns in Fig. 4e. The effect of seasonal dielectric changes 
is likely visible in the forest stand beyond a horizontal distance of 2 km (Autumn 2009 
vs. Spring 2013). Indeed, an increase of ground power occurs in the presence of the thick 
canopy cover shown by the lidar profiles. Finally, the X-band profiles (Fig. 4d) are the ones 
characterized by the lowest ground contribution due to the largest attenuation of the short-
est X-band wavelength. However, the ground scattering becomes dominant in the “transi-
tion” stands. Here, the sparser canopy facilitates penetration through its largest gaps even 
in the slanted SAR geometry.
In both Traunstein and Rabi, P- and L-band waves exhibit similar penetration, but 
different sensitivity to the physical canopy elements. In Traunstein, the P-band canopy 
contributions are weaker than the ground ones in many stands in contrast to L-band, 
similarly to other temperate and boreal forests (Frey and Meyer 2011; Tebaldini and 
Rocca 2012). However, there are cases in which the P- and L-band profiles are more 
similar (e.g., the forest stand beyond a horizontal distance of 2 km). The spatial vari-
ation of the canopy backscattering distribution  (which in general occurs at very small 
scales) is reflected in different ways by the wavelengths. At P-band, the visibility of 
the canopy layers changes in space  faster than at L-band. At L-band, canopy scatter-
ing contributions are either concentrated closer to the canopy top, or spread along the 
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whole volume extension. Seasonal dielectric changes affect not only the distribution of 
the power at the ground, but also within the canopy layers (e.g., the forest stand beyond 
a horizontal distance of 2 km). Due to the larger attenuation, at X-band the canopy scat-
tering contributions tend to be closer to the canopy top than at the other wavelengths. In 
contrast to Traunstein, P- and L-band profiles tend to be more similar in Rabi. However, 
large differences can occur, as shown for the stand corresponding to the horizontal dis-
tances between 600 and 800 m (delimited by the vertical dashed lines in Fig. 5). Here, 
stronger canopy contributions are close to the canopy top at P-band, while they are dis-
tributed along height at  L-band. The distribution of the physical size of the involved 
scatterers might again explain this difference: the bigger ones might be close to the top, 
while smaller ones (which are semi-transparent at P-band) might be distributed down 
Fig. 4  Traunstein forest (south of Germany). SAR vertical reflectivity profiles and lidar profiles (histograms 
of the lidar returns as a function of height) over a representative azimuth transect at constant range, HV 
polarization channel. The height axis is relative to the ground height (0 m), indicated with the horizontal 
white dashed line. The vertical white dashed lines delimit stands of interest in different growth stages. SAR 
profile intensities are normalised by the total backscattered power. a P-band (2009); b L-band (2009); c 
L-band (2013); d X-band (2013); e lidar profiles
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to the ground. On the contrary, the most powerful contributions in the lidar profiles are 
close to the canopy top due to a reduced penetration.
The profiles in Fig. 6 are extracted from Fig. 4 (Traunstein forest), and can be used to 
gain some additional insights about the capability of each wavelength to reflect 3D struc-
ture properties. Each plot shows 10 profiles extracted every 10 m in one of the four growth 
stages highlighted in Fig. 4:
• In the “transition” stands, all wavelengths show similar vertical profiles, with relevant 
vegetation backscattering contributions up to 10 m and between 20 and 40 m. However, 
the relative profile amplitudes and their spatial variation across profile coordinates are 
wavelength- and time-dependent. The contributions close to the canopy top appear in 
2009 more heterogeneous at P- than at L-band. This might be due to electromagnetic 
semitransparency at P-band, affecting any interpretation in terms of horizontal hetero-
geneity. As a result of the sparsity induced at the canopy top by management activities, 
in 2013 the upper canopy scattering contributions become weak at L-band, but stronger 
at X-band. In addition, the sparsity of the vegetation elements makes X-band penetrate 
well down to the ground, and the related reflectivity profiles reflect closely the geomet-
ric distribution of the lidar returns.
• The “close-to-nature” stands are characterized by the largest heterogeneity in terms 
of tree species and heights. The resulting structural complexity is reflected by the 
lidar profiles, which are composed by returns at all heights. In parallel, all the SAR 
frequencies show this heterogeneity, but at different extents. P-band shows still large 
penetration capabilities, and the profiles contain larger or even dominant scattering 
contributions close to ground. These contributions are present also in the L-band 
Fig. 5  Rabi ForestGEO plot 
(Gabon). Vertical profiles along a 
North–South transect. The height 
axis is relative to the ground 
height (0 m), indicated with the 
white dashed line. SAR profile 
intensities are normalised by 
the total backscattered power. a 
P-band and b L-band TomoSAR 
vertical reflectivity profiles, c 
LVIS waveforms
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profiles together with additional stronger ones in correspondence of the upper can-
opy layers. The difference between the L-band profiles in 2009 and 2013 is probably 
caused by the difference in TomoSAR vertical resolution (better in 2013) and dielec-
tric differences at a lower extent, as no management action is documented in these 
stands. At X-band, the reduced penetration makes the profiles sensitive to the upper 
canopy variations between 15 m and 30 m.
• The “mature” stands are constituted by (tall) trees uniformly distributed in space. 
This uniformity characterizes the lidar and SAR profiles at all wavelengths. The 
P-band profiles show the least sensitivity to the canopy top, having their main peak 
located closer to the ground. Similarly to the “close-to-nature” stands, the change of 
Fig. 6  Traunstein forest (south of Germany). Examples of lidar and TomoSAR profiles (HV channel) in the 
forest stands delimited in Fig. 4. The height axis is relative to the ground height (0 m), indicated with the 
horizontal black dashed line. For the sake of visualization the profiles have been normalized by their maxi-
mum
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the L-band profiles from 2009 to 2013 is mostly due to an improvement in the verti-
cal resolution and to dielectric changes. In 2013, beyond the difference in attenuation, 
the L- and X-band profiles convey similar structural (i.e., geometric) information.
• Finally, the “young” stands are composed of mainly a layer of short trees with low density 
and some sparser taller trees. The shorter trees are visible at all the frequencies, while the 
taller trees are less visible at P-band. In 2013, the L-band profiles show a significant spa-
tial variability of the canopy layer close to the ground corresponding to the shorter trees. 
Such variability is not shown either by the lidar or the X-band profiles. The spatial distri-
bution of the X-band profiles is very similar to the lidar ones, and once more this could 
indicate their increased sensitivity to the geometric properties of the canopy.
To summarize, these examples have shown that, together with lidar profiles, SAR pro-
files at all wavelengths contain information about 3D structure. P- and L-band can penetrate 
through the canopy layers down to the ground even in dense tropical forest environments, 
and can complement lidar profiles in mapping vertical heterogeneity. At P-band, vegetation 
elements can be semitransparent in some stands, and the fast and strong spatial changes of 
attenuation might make the canopy appear more heterogeneous horizontally. At L-band, the 
scattering from smaller vegetation elements becomes more significant, and different degrees 
of vertical heterogeneity could be more distinguishable than, e.g., at P-band. The comple-
mentarity between these two frequencies seems to depend on the imaged forest structures. 
The L-band examples clearly show also the dependency of the reflectivity profiles on the 
dielectric properties, which might affect the interpretation of the profiles and their spatial 
changes in terms of physical structure. Finally, the X-band profiles resemble more closely the 
geometric distribution of the canopy layers in the lidar profiles, at least in those sparser stands 
where penetration until the ground occurs. This might be an indication that penetration is 
facilitated by vegetation gaps along the SAR line of sight. In the absence of these, the result-
ing lower X-band penetration increases the sensitivity to the top canopy spatial variations, 
therefore complementing and improving the capability of longer wavelengths in the charac-
terization of horizontal heterogeneity.
4  The Lidar‑SAR Model‑Based Framework for Forest Height Estimation
In this section, a case study is considered in which  the common sensitivity of lidar and 
SAR measurements to geometric structure parameters is exploited in the parameterisa-
tion of the Random-Volume-over-Ground Pol-InSAR backscattering model using sparsely 
sampled lidar full waveforms for obtaining accurate, continuous and high-resolution forest 
(top) height estimates.
4.1  The Random‑Volume‑Over‑Ground Model
The Random-Volume-over-Ground (RVoG) model describes the variation of the reflectiv-
ity profiles with the polarization channel 훚 (Papathanassiou and Cloude 2001). First of 
all, it is assumed that Fvol(z) is the sum of the ground-only and the volume-only vertical 
reflectivity profiles (two-layer model). Next, it is assumed that the backscattered power at 
the ground level is the only component of Fvol(z) that changes with polarisation. In other 
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words, the volume-only profile is the same across all polarimetric channels except for a 
scalar factor. Additionally, the ground-only profile is modelled by a Dirac-훿 function (Papa-
thanassiou and Cloude 2001). As a consequence:
where the dependency of the individual parameters on the polarisation channel 흎 has been 
explicitly indicated. 훾V (kZ) is the (polarisation-independent) volume-only coherence and 
휇(흎) is the ground-to-volume amplitude ratio. 훾V (kZ) is obtained from the volume-only ver-
tical reflectivity profile FV (z) with a relationship formally identical to (6). The dependency 
of 훾V (kZ) on the forest top height HV is made explicit by modeling FV (z) . A widely and 
very successful model is an exponential distribution of scatterers, i.e.
where defines the attenuation rate of the profile, which is a function of both density of 
scatterers and their dielectric constant. The exponential profile tends to fit better at shorter 
wavelengths. At longer wavelengths, or more in general in the cases in which more effec-
tive scatterers are located closer to the ground, the exponential decay in (6) may not be 
valid. Different parameterisations might be used instead [see, e.g., (Garestier et al. 2008)].
4.2  Case Study: Fusion of GEDI Waveforms and TanDEM‑X Coherences
The GEDI lidar acquires footprints according to the spatial sampling pattern illustrated in 
Fig. 2. The use of single-pass bistatic X-band InSAR coherences acquired during the DLR’s 
TanDEM-X mission has been proposed to bridge the spatial gaps between the footprints 
in order to obtain continuous and high-resolution forest mapping, and the inversion of the 
RVoG model (7, 8) is a possible solution. Only one TanDEM-X coherence in one polari-
metric channel is most typically available for inversion. On the other hand, fixed a polari-
metric channel, the RVoG model (7) presents 4 unknown parameters, i.e., HV , 휏 , 휇(흎) and 
zG . As one complex coherence can account for only two real parameters, the inversion of 
a full RVoG model results underdetermined. Additionally, the X-band penetration is not 
guaranteed in all forest types, and the use of an external zG is needed to avoid any pen-
etration-dependent height estimation bias (Kugler et al. 2014). The spatially sparse set of 
GEDI footprints can then be used to initialize some of the RVoG parameters, thus making 
the inversion determined (Qi and Dubayah 2016, 2017) and correcting penetration-induced 
biases. Depending on the model assumptions, the following strategies can be adopted:
 (S1) The sparse GEDI ground topography values are interpolated on the TanDEM-X spa-
tial grid of the complex InSAR coherences. Given the interpolated topography, the 
RVoG model is fitted to the complex coherences to estimate HV and 휏 assuming 휇 = 0 
(no ground contribution).
 (S2) Assuming 휇 = 0 , the GEDI ground topography and top height are used in the RVoG 
model to estimate extinction values from TanDEM-X complex coherences in cor-
respondence of the footprints. Then, both topography and extinction are interpolated 
over the TanDEM-X grid. Finally, a continuous and high-resolution estimate of HV 













(8)FV (z) = e−2(HV−z)휏∕ cos 휃0 for 0 ≤ z ≤ HV
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 (S3) As in (S2), but allowing 휇 ≠ 0 , i.e., values of 휇 and 휏 are jointly estimated in corre-
spondence of the footprints, interpolated and used in the inversion of the remaining 
parameters.
The interpolation of the three parameters (i.e., ground topography, extinction and ground-
to-volume ratio) estimated in correspondence of the footprints can be carried out, e.g., 
by means of a simple kriging interpolation (Qi et al. 2017; Oliver and Webster 1990), in 
which it is assumed that samples are correlated according to a negative exponential spatial 
correlation function. Alternatively,  the TanDEM-X high-resolution DEM can be used  to 
obtain a ground topography with higher resolution than the one that a simple interpola-
tion would provide (Lee et al. 2018). A wavelet transformation is used to decompose the 
TanDEM-X DEM into three high spatial frequency components (describing local changes 
of topography) and a low-frequency one, according to the methodology outlined in (De 
Grandi et al. 2016). The low-frequency part of the TanDEM-X DEM is substituted by the 
GEDI interpolated ground topography, and a GEDI-TanDEM-X combined ground topogra-
phy is obtained by inverting the wavelet transformation.
Real data results have been generated over the two tropical forest sites of La Selva (Costa 
Rica) and Lopé (Gabon) by using TanDEM-X HH acquisitions and simulated GEDI acqui-
sition patterns (Qi and Dubayah 2016, 2017). Details about the radar and lidar data sets are 
reported in Appendix 2. Over La Selva, the lidar data were processed to simulate GEDI full 
waveforms following the method in Blair and Hofton (1999) with measurement noise added 
following Hancock et  al. (2011). GEDI acquisition tracks were simulated also over the 
Lopé site. In both cases, the nominal lidar sampling after 2 years of mission has been con-
sidered. In the experiments, TanDEM-X interferometric coherences have been calculated 
over 25 m × 25 m (ground range) multilook cell approximately corresponding to the GEDI 
footprint diameter (25 m). Therefore the TanDEM-X estimates of HV have been obtained 
with 25 m resolution. To reduce statistical variations, the estimates have been averaged on a 
threefold bigger cell. As a consequence, the final resolution of the height map is 75 m. Fig-
ure 7 shows the estimated TanDEM-X height maps and their validation against the lidar top 
height (2D histograms) for different configurations of the model parameters over La Selva. 
The adoption of the strategy (S1) (Fig. 7b) improves both the estimation RMSE and the bias 
with respect to the case in which the TanDEM-X absolute coherence values alone are used 
to estimate HV with 휏 = 휏0 fixed a priori (Fig. 7a). However, the overall estimation perfor-
mance is not satisfactory, due to the still large bias (around 4 m). A noticeable improvement 
is obtained by applying (S2), as the bias reduces to around 0.5 m (Fig. 7c). The use of (S3) 
keeps almost unaltered the already very small bias and further reduces the RMSE to 4.3 m 
(13%) (Fig. 7d). Such estimation performance is definitely better than just interpolating the 
GEDI top heights over the TanDEM-X grid. Moreover, the residual RMSE can be reduced 
by averaging further the final estimates to a coarser resolution.
The combination strategy (S1) with the refined wavelet-based interpolation of the 
ground topography has been applied to the Lopé acquisition. The mean value of the inter-
polation error between the original topography and the interpolated one (Fig. 8a) is 0.8 m 
and the standard deviation is around 8 m. The forest height (Fig. 8b) could be estimated 
with a correlation coefficient of 0.81 and an RMSE of 5.47  m (i.e., around 10%) with 
respect to the lidar RH95 heights (Fig. 8c). This performance is still comparable to the one 
obtained for the forest height inverted using the original lidar fully sampled topography 
(correlation coefficient of 0.92 and RMSE of 3.58 m).
As a final remark, the effectiveness of the parameterisation of SAR interferometric models 
by means of lidar waveform parameters is influenced by the difference of wavelengths,  the 
144 Appendix A. Combining Lidar and SAR Tomography for Forest Structure Characterization
 Surveys in Geophysics
1 3
difference in the looking geometry, and the resolution of the parameterisation itself. Concern-
ing the resolution of the parameterisation, in the example above 휏 and 휇 are radar reflectivity 
parameters, which depend on the (relatively) fast spatial variations of dielectric properties and 
physical arrangement of the vegetation elements. In general, any mismatch between the reso-
lution of an external parameterisation and the resolution of the TanDEM-X height inversion 
Fig. 7  La Selva Biological Station. TanDEM-X forest top height maps before and after combination with 
GEDI simulated data and 2D histograms against lidar canopy height a Inversion from TanDEM-X data 
only; b TanDEM-X inversion using the interpolated GEDI terrain height; c TanDEM-X inversion using the 
GEDI interpolated terrain height and 휎 , for 휇 = 0 ; d TanDEM-X inversion using the GEDI interpolated ter-
rain height, 휎 and 휇 ; e reference lidar top height
Fig. 8  Lopé test site. a LVIS terrain height (upper) and terrain height resulting from the simulated GEDI-
TanDEM-X combination; b TanDEM-X top height inversion results from the LVIS terrain height (upper) 
and the one resulting from the GEDI-TanDEM-X combination (bottom); c validation plots against LVIS 
RH95; e reference LVIS RH95 canopy height
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causes a loss of estimation performance. A constant value of 휏 makes the inversion of forest 
height feasible even from single-baseline coherences without external parameterisations, but 
can lead to an unsatisfactory estimation performance. The interpolation of the values of 휏 and 
휇 retrieved at the footprint locations improves the estimation performance, but it can track 
only a low-resolution component of these variations depending on the spatial sampling rate 
provided by the footprints. A way to reduce the consequential mismatch between the interpo-
lated parameters and the SAR data could be to reduce the resolution of both the lidar param-
eterisation (for instance by aggregating multiple footprints) and at the same time of the inver-
sion (multilook cell) from the interferometric coherences, for instance as noted by Brolly et al. 
(2016).
5  The Lidar‑SAR Structure‑Based Framework
The applicability of the lidar-SAR model-based framework presented in Sect.  4 becomes 
limited with  increasing difference of the wavelength involved. This is a consequence of the 
fact that different wavelengths “see” different effective scatterers, as shown by the examples 
in Sect. 3. A direct relationship between lidar profiles and SAR vertical reflectivity profiles 
becomes difficult to be established at the increase of the wavelength difference, resolution and 
look angle (Brolly et al. 2016; Pardini et al. 2018a, b). In the structure-based framework, lidar 
and SAR measurements are used to calculate one or more structure indices independently, 
i.e., without exchanging a parametrization of the underlying backscattering models. The struc-
ture indices considered here are defined with the aim of describing (components of) physical 
structure, and they use features extracted from the vertical reflectance/reflectivity profiles that 
reflect physical heterogeneity within a certain scale. In this Section, we review meaningful 
structure indices both from field data and lidar and SAR profiles, and we show in an example 
with real data how they can be used to relate the structure information content of the profiles.
5.1  Structure from Ground Measurements
Forest structural information is often quantified by means of scalar indices whose defini-
tion depends on the specific application. Basing on field inventory data, structure indices are 
defined at plot level by means of single-tree attributes such as diameter, height, basal area, 
canopy dimension, species composition, and stand density. A number of indices have been 
proposed in the literature, like, e.g., the aggregation index (Clark and Evans 1954), the diamet-
ric differentiation index, the mingling index, the contagion index, or the complex stand index 
(Pastorella and Paletto 2013). However, there is not yet an overall and unequivocal measure 
able to express forest structure in terms of forestry and ecology appropriate for a wide variety 
of application, spatial scales, and forest types (Zenner and Hibbs 2000; Pommerening 2002; 
Pretzsch 2009; del Rio et al. 2016). Despite this difficulty, there is a common understanding 
that the structural heterogeneity in both the horizontal and the vertical dimensions are two 
complementary aspects that should be considered.
One way to quantify horizontal structure or heterogeneity is to use the concept of density. 
High density means low heterogeneity, and vice versa. The stand density index SDI (Reineke 
1933) (measured in trees per hectare) links space utilization to tree size. It is closely related 
to basal area and by definition relates the stand density with the equivalent density of a stand 
with a quadratic mean diameter of 25 cm:
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where NS is the number of stems per hectare and Dg is the quadratic mean diameter at 
breast height (dbh) in cm within the scale at which SDI is calculated. A horizontal (dimen-
sionless) structure index can be defined as
where SDInorm is the normalized SDI within an area. HSfield varies between 0 and 1, indicat-
ing the minimum and maximum horizontal heterogeneity, respectively. Additional refine-
ments can be applied, e.g., considering the taller trees to better characterize canopy closure.
Quantifying vertical structure is often treated as quantifying the degree of heterogeneity in 
the vertical direction. In this sense, vertical structure has been expressed by means of indices 
such as the Gini coefficient, the Shannon index or the standard deviation of single tree heights 
(Liang et al. 2007; Barbeito et al. 2009; Bohn and Huth 2017). However, tree height measure-
ments are often not performed so that these indices cannot be calculated directly from inven-
tory data. An alternative way to express tree size variability is to use the diameter at breast 
height (dbh), which is a standard inventory measurement and can be related to tree height 
through models. Therefore, a vertical structure index can be defined as (McElhinny et  al. 
2005):
in cm, where {dbh} is the ensemble of diameter at breast height of all the trees included in 
a stand, given in cm. Without loss of generality, the vertical structure index can be normal-
ized to its maximum within the area under consideration, becoming a dimensionless index 
as the horizontal one.
5.2  Structure from Lidar and TomoSAR Profiles
The definition of indices from lidar and TomoSAR vertical profiles with the same struc-
tural meaning as the ones from field inventory data in Sect. 5.1 is challenged by the fact 
that the resolution of conventional remote sensing configurations (especially SAR) does 
not allow single trees to be distinguished directly. An additional complication in the inter-
pretation of the profiles in term of geometric structure is caused by the specific dependen-
cies of their information content (see Sect. 2). Consequently, the direct translation of the 
indices in Sect. 5.2 is not possible, and the use of physically significant profile features is 
desired to express the same heterogeneity. Recently, TomoSAR profiles have been inter-
preted in terms of forest structure by considering the distribution of their peaks. Even if the 
correspondence between the 3D distribution of peaks and the variability in the distribution 
of trees may not be given at all frequencies and/or spatial scales, it is supported in a num-
ber of models and experiments (Lin and Sarabandi 1999; Frey and Meyer 2011; Thirion 
et al. 2006; Brolly and Woodhouse 2013; Whitehurst et al. 2013; Cazcarra-Bes et al. 2017; 
Tello et al. 2018).
Canopy height variation above the ground height within a certain scale can be considered 
as a proxy for horizontal structure (Couteron et al. 2005; Carabajal and Harding 2006; Neu-






(10)HSfield ∶= 1 − SDInorm,
(11)VSfield ∶= std({dbh}),
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the peaks at the highest height) of the waveforms and the vertical reflectivity profiles. Let 
ZTOP =
{
zT1, zT2,… , zTM
}
 be the ensemble of the M unique top peak heights within the 
structure window. The horizontal structure index HS can be calculated as:
where var{⋅} denotes the variance of a set of values. Along this line, a way to quantify 
vertical structure is to consider the ensemble Z =
{
z1, z2,… , zN
}
 of all the unique peak 
heights (excluding the ground peak, if present) between the ground and the canopy top. 
Then, a vertical structure index can be calculated as:
Similarly to HSfield and VSfield , HS and VS can be normalized to their maximum value over 
an area. The increase in their values toward 1 corresponds to increasing heterogeneity.
5.3  Real Data Examples
The structure indices defined in the previous Sections have been applied to the field inven-
tory measurements LVIS lidar and L- and P-band TomoSAR (Capon spectral estimator) 
profiles extracted over the ForestGEO plot in the Rabi test site (see Appendix 2). The pro-
files have horizontal resolution 20 m × 20 m and have been used to calculate the structure 
indices within a window measuring 100 m × 100 m. This means aggregating information 
from 25 statistically independent profile cells. A smaller window would reduce the statisti-
cal validity of the number of independent cells, while a larger window could provide biased 
values of the structure indicators as different structure types would be mixed together, and 
therefore lose ecological significance.
Figure 9 shows the maps of the top peak heights of LVIS profiles, and the L- and P-band 
TomoSAR profiles (Capon spectral estimator). Due to penetration differences, the L- and 
P-band top peak heights are in general lower than the LVIS ones, as shown by the profiles 
in Fig. 5. Nevertheless, there is a limited number of cases in which the L-band top peak 
height can be even higher than the LVIS one, and they are more likely focusing artifacts 
(e.g., sidelobes) coming from very high decorrelations. The generated HSfield and HS maps 
are shown in Fig. 10. All of them can well locate heterogeneous areas in the North and the 
South parts of the plot, and some discrepancies are visible in the remaining areas. The tem-







Fig. 9  Rabi ForestGEO plot. Top peak heights maps extracted from a LVIS waveforms, b L-band and c 
P-band vertical reflectivity profiles
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acquisitions may also affect the comparison between field and remote sensing indices. The 
LVIS and the L-
band HS maps are the most similar ones, although in some stands the L-band profiles 
lead to higher values of HS as a consequence of the mentioned artifacts. At P-band, many 
stands result in more homogeneity as a consequence of the lower sensitivity to the top 
canopy variations. 
Figure 11 shows the VSfield and the VS maps. All maps highlight an area of high verti-
cal structure at the southeastern part of the site, which seems to be the mean feature in the 
plot. More to the North, another high structure area is indicated in the map derived from 
the field data. This area is also visible in the LVIS map and in the L-band map, while it 
becomes hardly visible in the P-band one. The correlation plot of Fig. 12 clearly shows that 
L-band reconstructs the wider range and distribution of structure indices obtained from the 
field data. The profiles of Fig. 5 offer some insights to understand these differences. In the 
LVIS profiles, the majority of peaks appear within 20 to 45 m, while peaks below 20 m 
are rather seldom. On the other hand, the TomoSAR peaks at L- as well as at P-band are 
distributed across the whole canopy extent down to the ground. The peaks from the P-band 
TomoSAR profiles are particularly numerous closer to the ground level. Occasionally, gaps 
in the canopy layer become visible at P-band which are not noticeable at L-band or in 
the LVIS profiles. Therefore, LVIS profiles are more sensitive than TomoSAR reflectivity 
profiles to variations mostly concentrated in the highest part of the canopy and can better 
predict VSfield in those areas. However, TomoSAR long-wavelength profiles are more sensi-
tive to variations of vertical structure when these are driven by the presence of sub-canopy 
elements.
Fig. 10  Rabi ForestGEO plot. Maps of a HS
field
 , and HS calculated from b LVIS waveforms, c L-band and 
d P-band vertical reflectivity profiles
Fig. 11  Rabi ForestGEO plot. Maps of a VS
field
 , and VS calculated from b LVIS waveforms, c L-band and 
d P-band vertical reflectivity profiles
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6  Conclusions
In this paper, first, a comparison between lidar waveforms and TomoSAR reflectivity pro-
files at multiple wavelengths has been attempted by means of real data in a temperate and a 
tropical test site. It has been shown that the wavelength affects directly penetration through 
the vegetation volume down to the ground. While lidar penetration occurs through veg-
etation gaps and is facilitated by the nadir-looking geometry, SAR penetration typically 
reduces from P- up to X-band, being however further affected by forest type, density, and 
dielectric properties (attenuation induced by water content). At the same time, it has been 
shown, even when the penetration is comparable, the measurements provided by lidar and 
by SAR systems at different wavelengths are sensitive to different components of forest 
structure, and therefore all of them can complement each other for structure characteri-
zation. This comparison has then be used as a basis to gain some early insights on the 
capabilities of two most promising combination frameworks, i.e., the model-based and the 
structure-based frameworks, based on two recent case studies.
The common sensitivity to geometric parameters drives the parameterisation of SAR 
backscattering models by means of lidar measurements in the model-based framework. A 
fusion algorithm could then be based on the complementarity of type and/or spatial dis-
tribution and resolution of the measurements. With reference to forest height estimation, 
some of the experimented model-based combination methodologies have been presented 
by means of a case study developed in the context of the NASA GEDI lidar mission. The 
TanDEM-X coherences can be used to continuously extend the coverage of the top heights 
measured by GEDI on the sparsely sampled waveform footprints. The RVoG model has 
been shown to be simple and representative enough to allow accurate parameterisation 
and inversion. Depending on the SAR wavelength and configurations, additional param-
eters can be accommodated (Simard and Denbina 2018). In general, (i) the choice of an 
appropriate backscattering model and its dimensionality, (ii) the choice a meaningful lidar 
parameterisation, and (iii) its interpolation from the lidar footprint to the continuous SAR 
coverage are three critical steps that contribute to the effectiveness of the combination.
The structure-based framework can directly accommodate both commonalities and 
complementarities in the information content of lidar and SAR measurements, bridging the 
limitations of the model-based framework in the cases in which the physical equivalence 
between lidar and SAR parameters is not given. An example has been shown in which 
indices expressing horizontal and vertical structure (heterogeneity) have been applied to 
lidar waveforms and TomoSAR vertical reflectivity profiles, in correspondence to structure 
Fig. 12  Rabi, ForestGEO plot. 
Comparison between VS and 
VS
field
 . The square symbols indi-
cate (conditioned) mean values, 
while the vertical bars delimit the 
VS interval where 75% of values 
are found
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indices established in ecology and forestry with ground inventory measurements. Lidar and 
P- and L-band wavelengths fully complement each other in both the horizontal and ver-
tical structure if significant penetration differences exist  and/or structural differences are 
driven by element sizes. For sure, the sensitivity of lidar waveforms to vertical structure 
variations mostly close to the canopy top is complemented by the higher sensitivity of 
long-wavelength TomoSAR profiles to variations closer to the ground. The definition of 
ecologically significant structure indices is of crucial importance. Nevertheless, the struc-
ture space defined by the two indices (whose independence is not guaranteed) seems to be 
able to relate lidar and SAR measurements and field measurements, therefore providing a 
biophysical interpretation. Limitations and ambiguities of this framework are still under 
investigation, remembering that indices might only describe an incomplete “subspace” of 
the whole structure information.
It is worth noting that a combination framework that unifies both the model-based and 
the structure-based ones might also be developed. For instance, the structure-based frame-
work could be used to identify the spatial regions of validity of a certain parameterisation, 
thus defining models and supporting inversion strategies in the model-based framework.
A critical factor affecting both frameworks  is the scale at which structure parameters 
and indices are retrieved. Indeed, it affects both the meaningfulness of the parameterisa-
tion with respect to the final inversion performance and the structure indices with respect 
to the underlying stand or forest. Highresolution sensors allow to explore multiple scales, 
representing an additional degree of freedom for structure characterisation to be exploited 
in the combination between lidar and SAR, and SAR at multiple wavelengths. Existing 
models, algorithms and indices should be assessed also in this perspective, and new ones 
developed, if necessary. At the present stage, addressing these issues and understanding 
the underlying relationships is a unique challenge that still needs to be mastered toward the 
development of effective fusion techniques for forest structure observation, and to optimize 
system and acquisitions configurations.
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Appendix 1: Derivation of the Relationship Between InSAR Volume 
Coherences and Vertical Reflectivity Profile
The purpose of this Appendix is to summarize the algebraic steps that lead to the Fourier 
relationship between the InSAR coherence and the vertical reflectivity profile starting from 
the volume integral (2).
First of all, it is commonly assumed that the (end-to-end) system point-spread function 
after focusing is separable in the range and azimuth dimensions, i.e.
(14)h(r, x) = hr(r) ⋅ hx(x)
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being hr(r) and hx(x) the range and azimuth system point-spread functions, usually approxi-
mated as ideal rectangular functions with width equal to the respective resolution. The for-
mulation in (14) implies that the viewing geometry is independent of the azimuth coordi-
nate,1 therefore the integral on dx can be solved, and (1) becomes:
𝜉(r, s) being the integral along azimuth of the complex reflectivity weighted by the azimuth 
point-spread function. The dependency on the azimuth has been dropped for notational 
simplicity. From (15), a single SAR image provides a single tomographic projection of the 
3D reflectivity filtered by the range response (Bamler and Hartl 1998). The interpretation 
of the convolution integral in (15) is facilitated in the domain of the 2D range-elevation 
spatial frequencies after a Fourier transform. Indeed, the SAR image spectrum is a 2D slice 
out of the complete 3D reflectivity spectrum (Bamler and Hartl 1998).
In general, an additional 2D spectral slice with minimum overlap increases the amount 
of information available on the reflectivity spectrum toward its reconstruction. Conven-
tional InSAR configurations realize this by varying the complex exponential in (15), i.e., 
by collecting one additional SAR image in spatial (incidence angle) diversity. First of all, 
the two images are co-registered, i.e., both images are resampled onto a common grid so 
that the co-registered pixels refer to a common position in the 3D space. After co-regis-
tration, and in absence of system (including noise) and processing non-idealities, the SLC 
complex amplitudes for the same pixel become:
under the additional assumption that 𝜉(r, s) does not change with the difference of inci-
dence angle induced by the track/orbit displacement and with the (possible) time difference 
between the two acquisition. The interferogram is defined as
which for an ideal deterministic point scatterer located at (r�, s�) becomes:
Let B∥ and B⊥ be the spatial track/orbit displacements in the direction parallel and orthogo-
nal to the line of sight, respectively. Therefore, one can write:
Some processing steps and approximations can be applied in order to reach a convenient 














































































1 The dependence on the azimuth direction can be readily included. Here it has not been considered for 
simplicity.
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 is then called slave. The small variation of look angle between the two acquisitions 
allows to retain the paraxial approximation. By developing (19), a residual s2-dependent 
phase contribution is originated by the curvature of the wavefront which can be included in 
the complex reflectivity, as its (second-order) amplitude distribution is normally of interest. 
Alternatively, it can simply be neglected if the distance between the sensor and the scatter-
ers is large enough (as it typically is) to make the plane-wave approximation hold. Finally, 
the phase of the slave image is “flattened” with respect to a reference height by using the 
interferometric phase (18). In this case, the reference height can be chosen constant for the 
entire scene, or varying locally according to a reference external DEM. After these manip-
ulations, by further assuming B∥ ≪ r , it results:
In (20), a change of variable from elevation to vertical height z has been performed, with 
s = z∕ sin 휃0 . 휉�(r, z) is the final complex reflectivity after the change of variables and the 
inclusion of phase residuals 휓 , i.e., 𝜉�(r, z) = 𝜉
(
r, z∕ sin 𝜃0
)
ej𝜓∕ sin 𝜃0 , being 휃0 the local 
incidence angle. kZ is the so-called vertical wavenumber, defined in (3).
Being composed of distributed scatterers, the scattering from forest scenarios is better 
described by its statistics, particularly by the complex coherence defined in (4). This results in:
and using (20):
F휉(r, z) represents the spatial density of backscattered power in the height-range plane. It is 
interesting to consider the case of surface scattering at a constant height z = z0 . Its complex 
reflectivity can be written as a Dirac-훿 with power PS . After appropriate algebraic manipu-
lations, it provides the following interferometric coherence:
Therefore, the coherence phase is proportional to the surface of the height. 훾S(kZ) is a posi-
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function.2 However, forest scatterers are distributed within a volume, that can be seen as 
the coherent superposition of the number of surfaces with different total powers. As a con-
sequence, it simply follows:
In the most general case, by letting the number of surfaces tend to infinity, the sum in (24) 
becomes an integral, and it is readily obtained
where:
which provides the Fourier relationship between vertical reflectivity profile and volume 
coherence anticipated in Sect. 2.1.
Appendix 2: Descriptions of Test Sites and Data Sets
Traunstein Forest (South of Germany)
This temperate forest site is located close to the city of Traunstein in the South of Ger-
many. Most forest stands are structurally complex due to species richness and management 
practices, with a majority of conifer stands (around 70%). The forest top height can reach 
40 m, and mean biomass level is about 200 t/h, significantly higher than other managed for-
ests in the same ecological zone. In this test site, TomoSAR data sets at different frequen-
cies have been collected by means of the German Aerospace Center (DLR) E-SAR and 
F-SAR airborne platforms since 2008. The data sets used in this paper were acquired at P- 
and L-band in 2009, and at X-band in 2013 with approximately the same flight tracks and 
viewing (master) geometry. Due to the 4-year time difference between the P- and X-band 
data sets, an additional L-band TomoSAR data set of 2013 has been considered. In this 
way, two direct comparisons can be performed, i.e., P- versus L-band in 2009, and L- ver-
sus X-band in 2013. All acquisitions share the same (master) geometry. While the acquisi-
tions at P- and L-band are in repeat-pass mode, the one at X-band is in repeated single-pass 
mode (with changing kZ for different passes) to avoid temporal decorrelation (Pardini et al. 
2018b). The most relevant acquisition parameters are reported in Table 1. On November 
18, 2012, discrete return lidar data have been acquired as well. During the total 4-year time, 
structural changes occurred in some stands due to forest management activities. Addition-
ally, all acquisitions are in leaf-off conditions, but differences of water content and of its 
















































2 If the dependence of the problem on the azimuth coordinate is taken into account, a similar term would 
arise also in azimuth. However, the related decorrelation is normally lower than the range one, thus it is 
considered negligible.
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Rabi and Lopé (Gabon)
The Rabi forest site is located at the southwestern Gamba Complex of Gabon, and consists 
of a diverse mix of upland and wet-forest with a mean tree height of about 40 m on a fairly 
flat topography. Within this forest site, a ForestGEO (Smithsonian Institution Forest Global 
Earth Observatories) plot was established between 2010 and 2012 in which the position and 
the diameter at breast height (dbh) of more than 175,000 trees belonging to 340 species with 
dbh ≥ 1 cm were inventoried across 25 ha. P- and L-band TomoSAR acquisitions were carried 
out with the F-SAR airborne platform during the AfriSAR campaign in 2016 (see Table 1 
for the relevant acquisition parameters) (Pardini et al. 2018a). During the same campaign, the 
Rabi site has been covered also by NASA LVIS lidar waveforms. For AfriSAR, LVIS operated 
at 7315 m altitude, with a wavelength equal to 1064 nm, ~20 m footprint diameter and 10 m 
footprint spacing along latitude and longitude. Together with the waveforms, ground topogra-
phy (Digital Terrain Model, DTM) and relative height metrics have been processed. 
The Lopé site lies within the Lopé National Park, and it consists of a mosaic of savannah 
and (dense) forest, with varying species richness and tree density across stands. The maximum 
tree height exceeds 50 m in many stands. The forest (above ground) biomass ranges between 
10 t/ha in savanna areas up to ~ 400 t/ha in mature forest stands. The terrain is hilly, with many 
local slopes steeper than 20°. This test site was covered during the AfriSAR campaign by 
both airborne SAR and LVIS lidar acquisitions similarly to the Rabi site. For the experiments 
in Sect. 4, a TanDEM-X bistatic single-pass single polarisation (HH) interferometric acquisi-
tion has been considered (see Table 2) that was performed a few weeks apart from the LVIS 
acquisitions.
La Selva (Costa Rica)
La Selva Biological Station (LSBS) forest site is located in northeastern Costa Rica. The site 
is a protected low-land region of tropical rain forest, covering an area of 1600 ha. The area 
contains a mixture of old-growth, secondary and selectively logged forests with height up to 
60 m. The mean biomass of old-growth forest, which is the major components of total LSBS 
biomass, is around 169 t/ha (Clark et al. 2011). Airborne discrete return lidar data were col-
lected over LSBS in September and October 2009. In 2011, the LSBS was covered by a dual 
polarisation (HH/VV) TanDEM-X bistatic acquisition on December 5, whose characteristic 
parameters are reported in Table 2.
Table 2  Summary of parameters characterizing the TanDEM-X SAR acquisitions over Lopé and La Selva
Test site Lopè (Gabon) La Selva (Costa Rica)
Acquisition date 14/12/2015 05/11/2011
Acquisition mode Bistatic
Polarization HH HH/VV
Resolution range × azimuth (m) 1.7 × 3.3 1.7 × 6.6
incidence angle (°) 45 38
HoA (m) 80 70
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Abstract—The aim of this paper is to compare L- and P-band 
vertical backscattering profiles estimated by means of Synthetic 
Aperture Radar (SAR) Tomography (TomoSAR) and full LIght 
Detection And Ranging (lidar) waveforms in terms of their 
ability to distinguish different tropical forest structure types. The 
comparison relies on the unique DLR F-SAR and NASA LVIS 
lidar data sets acquired in 2016 in the frame of the AfriSAR 
campaign. In particular, F-SAR and LVIS data over three 
different test sites complemented by plot field measurements are 
used. First, the SAR and lidar 3-D data sets are compared and 
discussed on a qualitative basis. The ability to penetrate into and 
through the canopy down to the ground is assessed at L- and P-
band in terms of both the ground-to-volume power ratio and the 
performance to estimate the location of the underlying ground. 
The effect of polarimetry on the visibility of the ground is 
discussed as well. Finally, the 3-D measurements for each 
configuration are compared with respect to their ability to derive 
physical forest structure descriptors. For this, vertical structure 
indices derived from the volume-only 3-D radar reflectivity at L- 
and P-band and from the LVIS profiles are compared against 
each other as well as against plot-derived indices.  
 
Index Terms—Tropical forest, forest structure, synthetic 
aperture radar (SAR), SAR tomography (TomoSAR), light 
detection and ranging (lidar), full waveforms. 
 
I. INTRODUCTION 
EMOTE sensing systems have been demonstrated to be a 
powerful source of information for monitoring tropical 
forest ecosystems. In particular, Synthetic Aperture Radar 
(SAR) and LIght Detection And Ranging (lidar) systems 
provide measurements sensitive to 3-D forest structure 
parameters at high spatial resolutions. This is of critical 
importance given the high spatial heterogeneity and 
complexity of tropical forests. 
 Exploiting the concept of altimetry, lidar sensors emit laser 
pulses that are reflected by vegetation and/or ground elements 
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within the footprint illuminated and return to the sensor. 
Depending on the number of the reflective elements within the 
footprint one emitted laser pulse generates one or multiple 
returns. Waveform lidar allows to estimate the continuous 
distribution of the returned laser energy for each pulse (where 
discrete return lidar does not). Metrics derived from the lidar 
waveforms are used to estimate structural forest attributes as 
forest height and biomass [1], [2]. Concerning SAR, the 
development of approaches for the estimation of parameters 
related to forest structure has been boosted in the last years by 
the introduction of Polarimetric SAR Interferometry (Pol-
InSAR) [3] and SAR Tomography (TomoSAR) [4]. Pol-
InSAR model-based inversion approaches have been 
successfully demonstrated e.g. for forest height estimation in 
boreal, temperate and tropical forests at multiple frequencies 
from P- up to X-band, considering both airborne and space 
borne platforms [5]-[8]. TomoSAR techniques rely on the 
angular diversity of SAR images acquired under slightly 
different incidence angles (e.g., along slightly displaced tracks 
or orbits) to estimate the 3-D distribution of the backscattered 
power, also known as the 3-D radar reflectivity. Its 
reconstruction by TomoSAR techniques is today established 
and has been demonstrated in several experiments across 
different forest ecosystems [9]-[13]. However, the 
interpretation of the reconstructed 3-D radar reflectivity in 
terms of physical forest structure is not as well established and 
still in a rather early stage of development. Although first 
experiments to determine this interpretation have been carried 
out in temperate forests and especially at L-band [14]-[15], 
they have been hampered in tropical forest due to the lack of 
suitable TomoSAR data and adequate reference data sets. 
Previous interferometric SAR campaigns like INDREX-II 
(2004) [5] and TropiSAR (2009) [16] provided unique data 
sets, but the collected data are sub-optimal for assessing multi-
frequency TomoSAR performance for forest structure 
monitoring.  
 To fill this gap, the AfriSAR campaign was successfully 
carried out in 2015 and 2016 as a joint effort among space 
agencies (ESA, NASA, ONERA, DLR and AGEOS) over the 
African tropical forests of Gabon [17], [18]. The objective of 
the campaign was to acquire Pol-InSAR and TomoSAR data 
sets, lidar full waveforms and ground measurements for the 
development, calibration and validation of tropical forest 
structure and biomass estimation algorithms. This activity is 
especially relevant to future planned and under study SAR 
missions like BIOMASS (ESA) [19], NISAR (NASA) [20], 
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Tandem-L (DLR) [21] and the full waveform GEDI lidar 
(NASA) mission [22]. The AfriSAR data set allows not only 
to evaluate the potentials of each sensor and frequency and to 
optimize their use, but also to characterize synergies and 
complementarities among them towards unified observation 
strategies for the generation of biophysical products. 
 Within this framework, the objective of this paper is to 
compare TomoSAR L-, P-band profiles and lidar waveforms 
with respect to their ability and complementarity to distinguish 
among different vertical forest structure types. The 
experimental results have been obtained by processing multi-
baseline SAR data acquired by DLR’s F-SAR platform and 
NASA’s LVIS (Land, Vegetation and Ice Sensor) lidar in 
February and March 2016. Test sites and data sets are 
described in Section II. The used TomoSAR algorithms are 
briefly reviewed in Section III. In Section IV, the SAR 
penetration through the vegetation volume is directly assessed 
by evaluating the ground-to-volume power ratio. The impact 
of the ground-to-volume level on the localization of the 
ground scattering component in the TomoSAR data is 
discussed as well. In Section V, SAR and lidar vegetation 
profiles are firstly compared to each other in a qualitative way. 
In a second step, their performance to derive physical (i.e. 
ecologically meaningful) forest structure descriptors is 
evaluated. For this, vertical structure indices calculated from 
the volume-only 3-D radar reflectivity at L- and P-band and 
from the LVIS profiles are compared against each other and 
against indices derived from plot measurements. Finally, 
Section VI summarizes the results and draws the conclusions. 
II. TEST SITES AND DATA SETS 
A. Test sites 
 During the AfriSAR campaign, fully polarimetric F-SAR L- 
and P-band acquisitions were carried out over a total of six test 
sites, namely Lopé, Mondah, Rabi, Mabounie, Pongara and 
Nkok. In particular, TomoSAR data sets have been acquired 
by means of a multi-track implementation over Lopé, Rabi 
and Mabounie. The location of the three sites is shown in Fig. 
1. The tracks configurations have been properly designed in 
order to allow the same vertical resolution and thus a fair 
performance comparison.  
The Lopé site is located within the homonymous National 
Park, consisting of a mosaic of savannah and (dense) forest, 
with varying species richness and tree density across stands. 
The maximum tree height exceeds 50 m in many stands. The 
forest (above ground) biomass ranges between 10 t/ha in 
savanna areas up to ~400 t/ha in mature forest stands. The 
terrain is hilly, with many local slopes steeper than 20°. 
Twelve inventory plots with size between 0.5 to 1 ha were 
sampled between January and August 2016 [17].  
Mabounie is known for being a mining exploration site. 
Most of the test site is covered by mature primary forest stands 
(with tree heights between 40 and 50 m) and degraded forest 
(with tree heights around 20 m). The terrain is rather flat with 
few gentle slopes. 
Finally, the Rabi test site, located at the southwestern 
Gamba Complex of Gabon, is the site with the highest 
biodiversity and consists of a diverse mix of upland and wet-
forest with a mean tree height of about 40 m. The topography 
is fairly flat. Within the site, a 25 ha ForestGEO (Smithsonian 
Institution Forest Global Earth Observatories) plot is located. 
Between 2010 and 2012 the position and the diameter at breast 
height (dbh) of more than 175,000 trees belonging to 340 
species with dbh ≥ 1 cm were inventoried across 25 ha. 
B. TomoSAR acquisitions 
 SAR data were acquired and processed with an off-nadir 
angle range between 20° (near-range) and 50° (far-range). The 
P-band was operated with a 50 MHz bandwidth centered at 
435 MHz (equivalent to a wavelength of 69 cm), while the L-
band was operated with a 100 MHz bandwidth centered at 
1.325 GHz (equivalent to a wavelength of 23 cm). The flight 
level of 20000 ft (6096 m) was chosen to ensure an above the 
clouds operation in order to reduce turbulences. For each 
TomoSAR data acquisition, the tracks were horizontally 
displaced in order to minimize deviations from the nominal 
flight tracks.  
In (Pol-)InSAR and TomoSAR applications, the vertical 
sensitivity of the phase difference between two acquisitions is 




Fig. 1.  Location of Gabon in the African continent (indicated in green in the 
map on the left) and locations (green stars in the map on the right) of the three 








Fig. 2.  Lopé and Mabounie test sites: (a) Nominal distribution of the 
horizontal distances among tracks; (b) corresponding vertical wavenumbers 
resulting from the acquisition as a function of slant range at P-band (left) and 
L-band (right). 
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  , (1) 
 
where   is the nominal incidence angle,   is the radar 
wavelength, R  is the slant-range distance, and B  is the 
horizontal distance between the two acquisitions. According to 
(1), the Height of Ambiguity (HoA) is then the height 
difference in the scene that causes a 2  phase difference. If 
the horizontal distances between the tracks are integer 
multiples of the smallest one, then the largest HoA 
(corresponding to the smallest horizontal distance) is equal to 
the TomoSAR HoA [4]. On the other hand, the smallest HoA 
(corresponding to the largest horizontal distance) equals the 
vertical TomoSAR resolution. However, as indicated by (1), 
for a given acquisition configuration the TomoSAR HoA and 
the vertical resolution vary with the wavelength. This may be 
critical for simultaneous multi-frequency acquisitions, as track 
spacings optimized for one frequency can be sub-optimal for 
another. For example, a multi-track acquisition configuration 
optimized for L-band will result into a three-time smaller HoA 
(i.e. corresponding to the ratio between the wavelengths) and a 
three-time worse vertical resolution at P-band.  
 With this in mind and referring to (1), the baseline 
distribution has been designed according to the following 
considerations: 
 For a maximum tree height of about 45 m, a minimum 
TomoSAR HoA of 90 m is desired. In order to meet this 
requirement for L-band at an off-nadir angle of 25° (i.e. at 
near range), a minimum horizontal distance of 5 m is 
required. At P-band, the same horizontal distance leads to 
a three times larger minimum HoA (i.e. increased by the 
ratio of the wavelengths) that becomes 270 m.  
 For a maximum horizontal separation of 120 m, the 
TomoSAR vertical resolution at P-band is around 20 m at 
mid range. For a maximum tree height of about 45 m, this 
allows resolving two independent vertical resolution cells 
for the tallest stands. At L-band, the same geometry leads 
to a vertical resolution better than 10 m. 
Note that due to the inherent dependency on the off-nadir 
angle the TomoSAR HoA becomes smaller in near range and 
larger in far range. The same happens to the TomoSAR 
vertical resolution, which is therefore better in near range and 
worse in far range. 
The total number of tracks flown over each site was limited 
by the maximum operation time and the time required for a 
single track including aircraft maneuvers. For AfriSAR, up to 
10 tracks per sites have been flown. A non-uniform 
distribution of horizontal distances between the tracks has 
been chosen with increasing distance between consecutive 
tracks from a minimum of 5 m up to maximum of 120 m as 
shown in Fig. 2(a). Such a configuration has several 
advantages. First, it leads to a (nominal) uniform distribution 
of Zk  between the minimum and the maximum values, for a 
better conditioned TomoSAR imaging. Secondly, it provides a 
certain redundancy of the critical (nominal) Zk  values. 
Finally, the first seven tracks (i.e. horizontal distances up to 40 
m) correspond at L-band to a similar Zk set as the one 
provided at P-band by using the full set (i.e., all 10 tracks). 
Accordingly, the reduced 7-track L-band and the full 10-track 
P-band set offer the same vertical TomoSAR resolution. It has 
already been argued that from a theoretical point of view the 
difference in the number of tracks has only a negligible impact 
on the TomoSAR processing [23]. 
 The track setup has been flown over Lopé and Mabounie 
within a two-hour time window on February 10 and 20, 2016, 
respectively. The resulting Zk values averaged along azimuth 
are plotted in Fig. 2(b) as a function of slant range. The 
standard deviation of the flown tracks with respect to the 









Fig. 3.  Pauli RGB composite images in range-azimuth geometry for (a) Lopé, 
(b) Mabounie, (c) Rabi. Left panel: P-band; right panel: L-band. 
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is apparent. For Rabi, only 8 tracks have been flown on 
February 7, 2016: the tracks associated to the horizontal 
distance of 30 m and 120 m have been missed. In order to 
counteract the implied non-negligible loss of vertical 
resolution, especially at P-band, due to the loss of the larger 
vertical separation, two additional tracks flown on the same 
day but at different flight heights (up to 30 m above the 
standard tracks) [17] have been used. The polarimetric Pauli 
RGB color-composite images at L- and P-band for the three 
test sites are shown in Fig. 3. 
C. LVIS acquisitions 
In parallel to the F-SAR acquisitions, the NASA’s LVIS 
sensor also covered the same sites [18]. LVIS is a 
medium/high altitude (flight altitude between 10 and 20 km), 
medium footprint (diameter from 5 to 25 m) waveform 
digitizing lidar. For AfriSAR, LVIS operated with a 18 m 
footprint. 
 Similarly to TomoSAR profiles, each waveform is just a 
proxy to the canopy profiles due to the attenuation of the beam 
through the vegetation elements. However, the waveforms are 
acquired in nadir-looking configuration, and the different 
geometry has to be accounted when comparing LVIS and 
TomoSAR profiles. 
 Together with the waveforms, ground topography (Digital 
Terrain Model, DTM) and relative height (RH) estimates have 
been processed and provided by the team at NASA Goddard 
and University of Maryland (USA). Each RH metric expresses 
the height interval in which a certain percentage of energy is 
received above the noise level and with respect to the ground 
height. For instance, the RH100 corresponds to the height 
interval above the ground in which the total energy is 
received. RH metrics have been largely used to estimate 
biomass and to describe canopy vertical structure [1], [2].  
 In Fig. 4, the LVIS DTM and RH100 are shown for Lopé, 
Mabounie and Rabi, projected in the L-band range-azimuth 
geometry. Lopé presents the largest and most continuous 
LVIS coverage, which becomes patchy in the other two test 
sites mostly due to the presence of clouds.  
III.  TOMOSAR ALGORITHMS 
The TomoSAR data stacks have been processed by means 
of the standard F-SAR repeat-pass interferometric processing 
chain including focusing of the single-look complex images, 
calibration, co-registation, flat-Earth and terrain phase 
compensation, spectral shift filtering, and finally a two-step 
data-driven TomoSAR phase calibration to correct for residual 
baseline errors [17]. After calibration, the residual phase errors 
are within 10° (standard deviation) at L-band and 5° at P-band 
[17], well within the requirements for accurate TomoSAR 
imaging [24]. TanDEM-X DEM’s have been used as 
topographic reference for focusing [17]. The main 
characteristics of the TomoSAR data are summarized in Tab. 
I. 
A TomoSAR stack is composed by K  images in PN  
polarimetric channels (here, 3PN  ). The steering vector 
( )za  contains the height-dependent phase (difference) with 
respect to a generic height z  for each of the tracks. Its k  th 
( 1, , )k K  element is   ,( ) exp{ }Z kkz jk za , where ,Z kk  is 
the vertical wavenumber associated to the k  th image with 
respect to the reference (master) track.  
For a fixed range-azimuth coordinate, the complete 
TomoSAR acquisitions are represented by the PN K 
dimensional vector Py  obtained by stacking the single-pol 
data vectors one on top of the other. The associated TomoSAR 









Fig. 4.  LVIS DTM (left panel) and RH100 (right panel) in meters for (a) 
Lopé, (b) Mabounie, (c) Rabi, project on the L-band range-azimuth geometry.  
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E   indicates the statistical expectation operator. The 
estimation of the volume-only interferometric coherences and 
the ground and volume polarimetric covariances has been 
implemented assuming the validity of the Random-Volume-
over-Ground (RVoG) model [3], [25], i.e. assuming that the 
volume-only reflectivity is but for a scaling factor the same 
across all polarimetric channels, and that the ground 
reflectivity is described by a Dirac-  function. Thus, PR  is 
modelled as: 
 
P G G V V   R C Γ C Γ , (2) 
 
where “ ” denotes the Kronecker matrix product, GΓ  and 
VΓ  are the polarization-independent ground and volume 
interferometric coherence matrices, and GC  and VC  are the (
Zk -independent) ground and volume polarimetric covariance 
matrices, respectively. Under the Dirac-  assumption, the 
ground-only coherence matrix becomes 
 
( ) ( )HG G Gz zΓ a a . (3) 
 
 The ( , )l m  th element of GC  and VC  is estimated as [26]: 
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where vec( )  denotes the vectorization operator, 
[vec( ),vec( )]G VU Γ Γ , 
( , ) ( , )ˆˆ vec( )l m l mPr R , with 
( , )ˆ l m
PR  the 
( , )l m  th K K  block of the sample covariance estimate 
ˆ
PR  of PR , and 
( , ) ( , ) 1ˆ ˆ( ) ( )l m T l mP P
  W R R  is a weight matrix.  
 GΓ  and VΓ  must be estimated before the evaluation of (4). 
Concerning GΓ , it is sufficient to know the ground height Gz . 
In principle, Gz  can be estimated from the TomoSAR data 
themselves. However, for consistency in the comparison, the 
LVIS DTM has been used. VΓ  has been estimated by 
applying the Sum-of-Kronecker-Product decomposition [25] 
and by using again Gz  to regularize the estimation. A detailed 
description and discussion of the methodology is in [27]. 
 Once 
GC  and VC  are estimated, classical Pol-InSAR 
contrast optimization can be used to find the polarimetric 
channel with the maximum and minimum ground-to-volume 




 C C w w . (5) 
 
max  and min  correspond to the maximum and minimum 
eigenvalues  , respectively, while the associated polarimetric 
channels w  are given by the corresponding eigenvectors. 
 Finally, TomoSAR vertical profiles of the backscattered 
power have been estimated by using the Capon spectral 
estimator [29]. The volume-only Capon power profile ( )CP z  














The vertical super-resolution performance of the Capon 
spectral estimator is well known [29]-[31]. As an intrinsic 
consequence of super-resolution, the radiometric accuracy is 
penalized when it comes to volume scatterers [29], [30]. The 
heights of the vertical (reflectivity) profile peaks (i.e., 
maxima) are intuitively interpreted as the positions of the 
dominant (back-) scattering contributions, although a clear 
relationship to physical forest structure attributes is in general 
not a-priori given. In contrast, ground scattering as described 
by (3) is expected to appear as a peak close to Gz .  
In the following, TomoSAR parameters and profiles have 
been estimated on square 20  20 m multilook cells associated 
to approximately 325 looks at L-band and more than 50 looks 
at P-band.  
IV. VISIBILITY OF THE GROUND 
The penetration through the canopy down to the ground at 
L- and P-band can be assessed by addressing the visibility of 
the ground. This can be performed by means of the ground-to-
volume power ratio and/or by evaluating the localization 
accuracy of the ground height.  
A. Analysis of the ground-to-volume ratios 
 The maximum ground-to-volume ratio max  has been 
estimated with the algorithm outlined in Section III. The 
results obtained at both frequencies are shown in Fig. 5, 
together with the terrain slopes in range derived from the 
LVIS DTM. The dependency of max  on the local slope is 
shown in Fig. 6. Positive slopes indicate a terrain inclination 
towards the radar, while negative slopes indicate an inclination 
away from the radar. As expected, at both frequencies max  is 
in general smaller for negative slopes with no relevant 
variation with the off-nadir angle. For flat terrain (i.e. slopes 
around 0°), max  becomes maximum as expected for a ground 
scattering component consisting of both surface and dihedral 
contributions. The highest max  is achieved in near range and 
TABLE I 
SUMMARY OF F-SAR DATA PARAMETERS 
Frequency L-band P-band 
Resolution 
Range  azimuth, m 
1.92  0.64 3.84  2 
[min, max] incidence 
angle, deg 
[20, 50] 
Number of tracks 10 10 
Max. vertical 
wavenumber, rad/m 
(at mid range) 
0.66 0.22 
Vert. resolution, m 
(at mid range) 
~ 6.7 ~ 20 
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decreases when moving to far range as the path through the 
vegetation increases, progressively attenuating the dihedral 
component. For positive slopes, max  gently decreases again, 
being about 2 dB higher in near range than in far range for 
slopes up to 15°. The trends are similar at both frequencies 
and reflect the modulation of max  by the variation of the 
ground scattering power. At L-band the attenuation of the 
ground scattering by the volume is higher, resulting in max
values of about 10 dB smaller in average than those at P-band.  
 In addition to max  and min , the ground-to-volume ratio in 
the HH ( HH ) and the HV ( HV ) channel have been estimated 
for all test sites, and the histograms for flat terrains are shown 
in Fig. 7. The effect of polarimetry becomes evident and 
appears consistent across all sites: it increases the ground-to-
volume ratio range by more than 10 dB at both frequencies. At 
P-band, HH  and HV  differ by 5 dB (values measured at the 
histogram maxima), while max  is greater than HH  by 3 dB. 
At L-band, the difference between HH  and HV  is only 1.5 
dB, and max  is by around 2 dB greater than HH . At both 
frequencies, min  is about 10 dB lower than HV . 
B. Localization of the ground 
 Next, the performance of estimating the ground location at 
L- and P-band is addressed. Similar to the ground estimation 
from the LVIS waveforms, where the ground is estimated as 
the location of the last returned pulse [1], [32], the ground 
location was estimated by detecting the peak corresponding to 
the ground scattering of the Capon profiles for max . In order 
to reduce the probability of erroneously detecting a sidelobe in 
the TomoSAR profiles, only significant peaks, i.e. the ones 
with amplitude larger than 10% of the profile maximum and 
appearing within a meaningful height range, are considered. 
The TanDEM-X DEM has been used for defining the 
meaningful height range. The location of the ground is given 
by the lowest significant peak within the height interval 
50 m 20 mDEM DEMz z z     where DEMz  is the TanDEM-
X DEM height accounting for the fact that the associated X-
band phase center is located closer to the canopy top than to 
the ground. The definition of the meaningful height range is 
rather relaxed and does not impose hard constraints on the 
used DEM. Alternatively, the phase center DEM derived from 
the TomoSAR data set itself can be used.  
       
                                                       (a)                                                               (b)                                                                 (c) 
 




                                 (a)                                                         (b) 
 
Fig. 6.  Lopé: variation of max  at (a) P-band and (b) L-band as a function of 
terrain range slopes. For the selected values of slopes, the blue square 
symbols indicate mean values, while the vertical bars delimit the max  
interval where 75% of the estimates are found. 
 
 
                                 (a)                                                         (b) 
 
Fig. 7.  Histograms of the ground-to-volume ratios for all test sites and for 
different polarization channels at (a) P-band and (b) L-band. Continuous line: 
Lopé; dashed line: Rabi; dotted line: Mabounie. 
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 Fig. 8 shows representative TomoSAR Capon profiles for 
max  in the range - height plane for a fixed azimuth coordinate 
at L- and P-band, and the corresponding LVIS waveforms 
projected into the slanted radar geometry. The selected area 
includes a transition from a flat to a hilly area with slopes 
changing from positive to negative. The estimated ground 
location is overplotted. A non-negligible volume 
backscattering is present in the max  channel at both 
frequencies, although P-band presents the most powerful 
ground scattering [Fig. 8(b)], which is attenuated at L-band 
[Fig. 8(c)-(d)]. Consistently with the results in Fig. 6, the 
backscattered power of the ground relative to the volume 
 
                                                                (a)                                                                                            (b) 
 
                                                                (c)                                                                                            (d) 
Fig. 8.  Lopé: representative LVIS and TomoSAR Capon profiles (polarization channel with maximum ground) in presence of terrain slopes for a fixed azimuth 
coordinate and varying range coordinates. The LVIS profiles have been projected into the slanted radar geometry. Profile amplitudes have been normalized to the 
maximum of each coordinate. (a) LVIS profiles; (b) P-band; (c) L-band, with same vertical resolution as P-band; (d) L-band, full-track set. White line: estimated  
ground location.  
 
       
       
                                                             (a)                                                                 (b)                                                               (c) 
Fig. 9.  Lopé: Ground estimation error vs LVIS ground at P- and L-band and for different vertical geometric resolutions. Columns from left to right: (a) P-band; 
(b) L-band, with same vertical resolution as P-band; (c) L-band, full-track set. Top panel: maps in the range-azimuth plane; bottom panel: distribution of the 
height estimation error as a function of terrain slopes. For the selected values of slopes, the blue square symbols indicate the mean values, while the vertical bars 
delimit the error interval where 75% of the estimates are found. 
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power is higher for the flat area. The estimated TomoSAR 
ground location at both frequencies is in good agreement with 
the LVIS one. The presence of slopes (especially negative 
ones) reduces the “visibility” of the ground. Due to the slanted 
geometry, the forest extension from the ground to the canopy 
top appears narrower in correspondence of negative slopes. 
The reduced max  levels combined with the limited vertical 
TomoSAR resolution reduces the agreement between the 
ground locations estimated from the LVIS and the TomoSAR 
profiles. An increase of vertical resolution at L-band by using 
the full-track set apparently provides less biased estimates 
[Fig. 8(d)].  
A quantitative interpretation of the profiles shown in Fig. 8 
is given in Fig. 9 and Fig. 10. Fig. 9(a) and (b) show the 
ground height estimation error maps and their distribution as a 
function of the terrain slopes at L- and P-band for the Lopé 
test site. In order to ensure the same vertical resolution, first 
the reduced L-band data set (i.e. using only the first seven 
tracks with horizontal distances up to 40 m) has been 
processed. It is apparent that for non-negative slopes at P-band 
an accurate and unbiased ground estimate can be obtained 
with a standard deviation lower than 4 m in flat areas that 
increases in positive sloped terrain. This is partly due to the 
decrease of max  (see Fig. 6), but also due to an increase of 
the geometric decorrelation. However, for negative slopes the 
ground height estimates are positive biased (even up to 10 m) 
and have a larger standard deviation. As already commented 
for Fig. 8, this loss in estimation performance is induced by 
the vertical shrinking of the volume scattering due to the 
slanted geometry and the limited vertical TomoSAR 
resolution. The same effect is observed moving from near to 
far range (see also Section II.B). At L-band, the ground 
estimation performance is in general confirmed to be worse 
than at P-band as a consequence of the lower max  [see Fig. 
9(b)]. The significant number of negative errors, i.e. cases 
where the TomoSAR estimated ground height is lower than 
the LVIS DTM, is caused by the misinterpretation of 
sidelobes. The error standard deviation is in general larger 
than 5 m.  
 As expected, the improvement in vertical resolution 
obtained by processing the L-band full-track set turns into an 
improved ground estimation performance, as shown in Fig. 
9(c). The obtained estimation error and its behavior as a 
function of the terrain slope become now comparable to the P-
band ones despite the large difference in max . Moreover, the 
estimation bias at the negative slopes is reduced with respect 
to P-band due to the more favorable vertical resolution. The 
remaining bias is now around 5 m for slopes steeper than -15°. 
Similar results have been obtained in the other test sites. In 
absence of significant slopes in Rabi and Mabounie, the 
assessment focuses only on flat areas where an LVIS DTM is 
available for comparison. The performance results are shown 






Fig. 10.  TomoSAR ground estimation error across test sites with respect to 
the LVIS DTM in flat areas, (a) histograms; (b) mean value (continuous lines) 
and standard deviation (dashed lines) as a function of max . For both (a) and 
(b), P-band is plotted on the left-hand side and L-band (full-track set) on the 
right-hand side.  
 
TABLE II 
GROUND ESTIMATION PERFORMANCE IN FLAT AREAS 
Test site  
Near range Global 
L-band P-band L-band P-band 
Lopè 
Bias, m 0.03 0.01 0.16 0.23 
Std, m 2.87 3.09 3.86 4.18 
Mabounie 
Bias, m -0.04 -0.20 0.07 0.21 
Std, m 3.57 4.35 4.63 4.77 
Rabi 
Bias, m 0.06 -0.13 0.08 -0.02 




Fig. 11  Lopé: Location of the ground inventory plots (blue rectangles) used 
in the comparison of Fig. 11, overlaid on the L-band Pauli RGB composite 
image. 
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reported in Tab. II explicitly for all sites. The performance 
obtained at P- and L-band is in general comparable, with 
negligible estimation biases at both frequencies and an overall 
estimation accuracy of 3 to 5 m. The achieved standard 
deviation is slightly better in Lopé due to the shorter forest 
volumes in the other sites. At near range the ground estimation 
performance improves sensitively in agreement with the 
improved vertical TomoSAR resolution and the higher ground 
scattering level leading to a standard deviation between 3 and 
4 m. Finally, in connection to the analysis in Section IV.A, the 
dependency of the ground estimation performance on max  is 
investigated [see Fig. 10(b)]. Clearly, both the mean value and 
the standard deviation of the estimation error decrease with 
increasing max . At L-band, however, they increase again 
especially in Lopé and for high max  levels. This might be due 
to the low number of L-band cells with high max , that may 
make the error statistics less reliable. In general, at high max  
levels the standard deviation reduces down to 2.5 m. For all 
test sites, an estimation bias lower than 1 m is obtained at P-
band for max 0 dB  . At L-band, the high vertical TomoSAR 
resolution of the full-track data set provides an estimation bias 
lower than 1 m for the whole max  range (at least where the 
estimation performance can be evaluated reliably).  
V. COMPARISON OF PROFILE-DERIVED FOREST 3-D 
STRUCTURE PARAMETERS 
 In this Section, TomoSAR profiles and LVIS waveforms 
are compared in terms of ability to distinguish 3-D forest 
structure variations within the same and across the different 
AfriSAR sites. 
 The TomoSAR Capon profiles are estimated from the 
separated volume-only coherence matrix VΓ  (see Section III). 
While at P-band the Capon profiles are estimated by using the 
full set of tracks, at L-band the full and the reduced 7-track set 
 
                                                    LVIS                                   P-band                                L-band                          L-band (full-track) 
          
(a) Plot no. 1 (LNL-07) 
          
(b) Plot no. 2 (LNL-11) 
          
(c) Plot no.3 (LNL-10) 
 
Fig. 12.  Lopé: each row shows vertical profiles along the central longitude transect in three inventory plots. Columns from left to right: (1) LVIS profiles; (2) P-
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have been used in order to ensure a comparison between 
frequencies at the same vertical resolution. 
 It is worth remarking the significant geometric difference 
between a lidar waveform and the TomoSAR profiles. While 
the former is acquired in off-nadir geometry, the latter is 
estimated along the normal-to-slant-range direction and then 
projected onto the vertical height axis. For a better 
comparison, the TomoSAR profiles have been 3-D geocoded, 
i.e. for each vertical height the range-azimuth coordinates 
have been transformed into the same latitude and longitude 
grid as the LVIS profiles with a spacing of 10 m. The 
transformation is performed by means of pre-calculated look-
up tables as described in [17]. 
 In order to get a first impression of the sensitivity to 
different forest structure types, a total of 8 LVIS and 
TomoSAR profiles have been extracted every 10 m along a 
transect at mid latitude crossing three inventory plots in Lopé. 
The location of the plots is shown in Fig. 11, and the 
corresponding profiles are plotted in Fig. 12.  
 Plot no. 1 seems very homogeneous. The LVIS profiles 
have only a distinct maximum close to the top canopy height 
(40 m), probably due to the high attenuation. The TomoSAR 
profiles look similar with the strongest peak located slightly 
lower than in the LVIS profile. Furthermore, the lower 
attenuation at L- and P-band makes visible scattering 
contributions close to the ground (0 m). 
 On plot no. 2 the majority of the LVIS profiles have a 
pronounced maximum around 30 m. In addition, contributions 
(peaks) at lower and higher heights appear. The TomoSAR 
profiles behave similarly. However, the contributions closer to 
the tree tops are less pronounced and with gentler variations at 
P- than at L-band.  
 Finally, plot no. 3 appears highly heterogeneous. The LVIS 
profiles essentially change from one footprint to the next. The 
strongest contributions are located between 20 and 40 m. In 
the P-band profiles, instead, the peaks are distributed within a 
narrower height range. Contributions above this range are 
mostly very small. At L-band these contributions are more 
pronounced than at P-band. In addition, the L-band profiles 
reveal stronger contributions closer to the ground which are 
“invisible” at P-band. These peaks at 50 m visible in the L-
band profiles are actually artifacts coming from the reduced 
sidelobe rejection capability of the Capon spectral estimator in 
presence of both irregular tracks and large volume 
decorrelation. 
 In summary, this first comparison indicated an increased 
sensitivity of the L- and P-band TomoSAR profiles to 
vegetation elements located below the main canopy and closer 
to the ground. Their contributions are weaker or even not 
given in the LVIS waveforms. L-band appears more sensitive 
to elements that are closer to the canopy top than P-band, but 
less sensitive to their spatial variation than the LVIS 
waveforms. These characteristics appear to be widely 
independent of the vertical TomoSAR resolution.  
A. Comparison of relative height metrics 
 As already anticipated in Section II, the use of LVIS 
relative height measurements (RH) is quite common, and such 
metrics have been successfully used to relate to biomass and 
forest structure [2]. This is particularly true for the so-called 
HOME (Height Of Median Energy), i.e. the RH50 [1].  
 For comparison, we calculated the RH metrics for the 
(volume-only) TomoSAR profiles. It is important to note here 
that in the TomoSAR case the effective noise floor is not so 
much due to the noise level in the SAR data (that is given by 
the Noise Equivalent Sigma Zero NESZ level), but much more 
to the sidelobes of the tomographic impulse response. In turn, 
the sidelobe level in a profile depends on the track 
distribution, the tomographic imaging algorithm used and the 
volume coherences. Accordingly, for the TomoSAR profiles 
the following ad-hoc procedure has been implemented for the 
estimation of the RH heights. For each profile, the tallest peak 
with amplitude greater than 10% of the maximum peak has 
been identified. Then, the height above the highest peak at 
which the amplitude decreases by 3 dB is defined as RH100. 
Finally, the amplitudes between the ground height and the so-
defined RH100 have been cumulated, and the other RH 
metrics have been calculated accordingly. In order to avoid 
any additional degree of uncertainty, the resulting heights have 
been referred to the LVIS DTM.  
 The obtained LVIS and L- and P-band TomoSAR RH100 
maps for the Lopé site are plotted in Fig. 13. A certain 
agreement between them is apparent. However the radar 
RH100 values are lower as a consequence of the reduced 
       
                                            (a)                                                                              (b)                                                                            (c) 
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sensitivity to the top canopy elements. The differences have 
been quantified statistically in Fig. 14. Depending on the site, 
the L-band RH100 is about 5 to 10 m lower than the LVIS 
one, while the P-band RH100 can be even 10 m lower than at 
L-band.  
 Fig. 14 compares also the TomoSAR and the LVIS HOME. 
For all sites, the TomoSAR HOME is noticeably lower (up to 
20 m) than the LVIS HOME. More interestingly, the L- and P-
band HOME share the same mean values: differences are in 
the order of few meters. A situation of this kind is depicted in 
some of the profiles of Fig. 12. This might be a consequence 
of an increased sensitivity at L-band to smaller vegetation 
elements in the understory. However, residual ground 
scattering contributions may also appear in the L-band 
profiles, as the ground scattering could be less polarized at L- 
than at P-band. These two effects are however difficult (if not 
impossible) to be separated by using the profiles only. Note 
that the TomoSAR RH metric closer to a fixed LVIS HOME 
may vary. For instance, fixed LVIS HOME equal to 20 m, the 
L-band RH metrics in the interval [RH45, RH65] provide the 
best fitting in around 50% of cases. For LVIS HOME equal to 
30 m, the best-fitting TomoSAR RH interval moves to [RH60, 
RH80]. The TomoSAR RH100 can be the one closest to the 
LVIS HOME for a non-negligible number of cases. These 
trends are essentially the same across test sites. In contrast, a 
certain dependency on the frequency has been observed. 
 Before concluding this analysis, three remarks are in order. 
Firstly, the L-band results in Figs. 13 and 14 have been 
derived from the full set of tracks. However, this improvement 
in vertical resolution (with respect to the reduced set of tracks) 
has only a minor impact on the analysis and does not change 
the main conclusions. Secondly, the radiometric accuracy of 
the Capon beamformer is not optimized for volumes. 
Therefore, we also calculated the RH metrics by applying the 
procedure outlined above to the Fourier-based beamforming 
profiles [29], [30], that allows a more accurate radiometric 
reconstruction at the cost of a reduced vertical resolution 
compared to the Capon reconstruction. Interestingly, the RH 
metrics (which express a cumulated, thus low resolution, 
radiometry) show no relevant changes. Finally, the LVIS RH 
metrics include the ground return, while the ground has been 
compensated as much as possible in the TomoSAR profiles. It 
is expected that a ground cancellation in the LVIS waveforms 
will increase the height of the RH metrics derived and thus the 
difference to the TomoSAR ones. However, this will not 
change the conclusions of the comparison substantially. 
B. Comparison of 3-D vertical structure descriptors 
 The objective of this Section is to compare the different 3-D 
reconstructions with respect to their ability to describe 
physical vertical forest structure. In addition to a rather 
qualitative assessment across the different sites, the main 
emphasis will be on the Rabi test site where the 25 ha 
inventory plot allows the validation of the vertical forest 
structure descriptors against field data. 
 Physically, forest structure is linked to the 3-D size, location 
and arrangement of trees, trunks and branches in a forest [33], 
[34]. However, appropriate descriptors for vertical forest 
structure reflecting tree size variability in an unambiguous 
way are still missing today in ecology and forestry. Indices as 
the Shannon Index or the standard deviation of tree heights 
[35] have been used to express vertical forest structure both 
based on tree height that is usually not measured in situ, but 
estimated from the measured tree dbh. In order to reduce the 
additional and often large uncertainties introduced by the 
estimation of tree height from dbh, the standard deviation of 
tree dbh which reflects as well tree size variability [36] can be 
used instead, and the vertical structure index becomes: 
 
  : std dbhfieldVS  , (7) 
 
where  dbh  is the ensemble of diameter at breast height of 
all the trees included in the structure window and std( )  is the 
standard deviation operator. The so-defined vertical structure 
index fieldVS  appears to be more sensitive to successional 
stages than the indices relying on height diversity only [34]. 
 Aiming to establish a vertical structure index VS  derived 
from the reconstructed TomoSAR or LVIS profiles consistent 
with the definition of fieldVS , an approach based on the 
distribution of the peaks of the reconstructed profiles has 
recently been proposed [15], [37]. After the extraction of the 








Fig. 14.  Comparison of RH50 and RH100 at L- (full-track set) and P-band 
against the same LVIS metrics in (a) Lopé, (b) Mabounie, (c) Rabi. The 
square symbols indicate mean values, while the vertical bars delimit the 
height interval where 75% of the RH estimates are found. 
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denoting with  
1 2
, , ,  Mp p pz z z  the set of M  unique 
heights at which these peaks appear, VS  is defined as: 
 
 : varVS M   , (8) 
 
where var( )  denotes the variance of a set of values. Note that 
in case two or more peaks appear at the same height the 
number of heights in   is smaller than the number of peaks. 
The vertical structure index of equation (7), similar to most 
physical forest structure descriptors in forestry and ecology, 
rely on individual tree parameters: single tree measurements 
(in the case of (7) single tree dbh measurements) are used to 
 
       
(a) 
       
(b) 
       
(c) 
         
(d) 
 
Fig. 15.  Maps of vertical forest structure at 100  100 m scale for (a) LVIS profiles, (b) P-band profiles, (c) L-band profiles, (d) L-band profiles with full-track 
set. From left to right: (1) Lopé, (2) Mabounie, (3) Rabi. 
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estimate plot level parameters as basal area, species 
composition and / or stand density on plot level and use these 
to derive the different structure indices. Equation (8) aims to 
reflect the same structure information as in (7), but accounts 
for the fact that conventional SAR configurations are not able 
- in terms of spatial resolution - to distinguish single trees, 
making a direct correspondence to (7) not possible. Equation 
(8) assumes the physical significance of reflectivity peaks, 
implying that the 3D distribution of reflectivity peaks reflects 
the variability in the distribution of trees within the stand. This 
assumption is not per se valid at all frequencies and / or spatial 
scales, but is supported by a number of models and 
experiments in the literature [9], [38]. Indices similar to VS  
have been employed in past works for lidar full waveforms 
[39] as well. 
 The vertical structure descriptor VS  in (8) has been 
calculated by considering the profile peaks within a 100  100 
m (sliding) structure window. Since profiles are spaced 10 m 
apart, each structure window contains 100 profiles. However, 
remembering that the actual profile horizontal resolution is 20 
m, VS  is calculated by aggregating information from 25 
statistically independent cells. A smaller window would 
reduce the statistical validity of the number of independent 
cells, while a larger window could provide biased values of 
VS  and fieldVS  as different structure types would be mixed 
together, and therefore lose ecological significance. Without 
loss of generality, the estimated VS  are normalized to the 
overall common maximum across the three sites and the 
different sensors. Thus, VS  is 0 for a vertically homogeneous 
stand, while it is 1 for a heterogeneous stand. The maps of VS  
derived from the LVIS and the TomoSAR profiles for the 
three sites are shown in Fig. 15. The histograms of the vertical 
structure indices for each of the sites are shown in Fig. 16. The 
fact that each of the sites itself is not uniform in terms of 
vertical structure, but consists of a diversity of forest stands, 
reduces the significance of a direct comparison. However, it 
can be observed that higher vertical structure descriptors are 
obtained, as expected, from the TomoSAR profiles in Lope 
and Rabi than in Mabounie, at least at for LVIS and at L-band. 
It can also be observed that the sensitivity to vertical structures 
is higher at L-band than at P-band. 
 Focusing now on the ground measurement plot area in Rabi, 
Fig. 17 shows the distribution of peaks along a transect 
crossing the plot. For the LVIS profiles, most of the peaks 
appear within 20 to 45 m, while peaks below 20 m are rather 
seldom. On the other hand, the TomoSAR peaks at L- as well 
as at P-band are distributed across the whole canopy extent 
down to the ground. The peaks from the P-band TomoSAR 
profiles are particularly numerous closer to the ground level. 
Occasionally, gaps in the canopy layer become visible at P-
band which are not noticeable at L-band or in the LVIS 
profiles. 
 The VS  maps derived by means of (8) from the profile 
peaks within a 100  100 m (sliding) window and the 
fieldVS  
map derived from the field data by means of (7) are shown in 
Fig. 18. It can be seen that all maps highlight an area of high 
vertical structure at the south eastern part of the site, which is 
the mean feature in the plot. Note that slight shifts in the 
position of this area in the maps result from the different 
viewing geometry of the configurations employed. More to the 
North, another high structure area is indicated in the map 
derived from the field data. This feature is also visible in the 
LVIS map and in the L-band map with the high(er) vertical 
resolution, while it becomes hardly visible at the P-band and 
in the L-band map with lower vertical resolution. This is also 
reflected on the histograms of the five vertical forest structure 
indices for the plot area shown also in Fig. 18. The index 
derived from the L-band TomoSAR data shows the widest 
range of structure values compared to the P-band and the 
LVIS derived maps. Finally, only the map derived from the L-
band data set with the high(er) vertical resolution seems 
appropriate to reconstruct the full range and distribution of 
structure indices obtained from the field data. The reduced 
range of the LVIS vertical structure descriptor is due to the 
lower penetration of LVIS into the vegetation layer. Due to the 
increased vertical resolution, LVIS profiles are more sensitive 
than TomoSAR reflectivity profiles to variations mostly 
concentrated in the highest part of the canopy. However, radar 
systems are more sensitive to variations of vertical structure 
when these are driven by the presence of sub-canopy 
elements. 
VI. CONCLUSIONS 
 In this paper, an assessment of the information content of L- 
and P-band TomoSAR data in terms of forest structure for 
three tropical forest sites located in Gabon was attempted. The 
 
                                                      (a)                                                                        (b)                                                                        (c) 
 
Fig. 16.  Histograms of vertical forest structure indices estimated in (a) Lope, (b) Mabounie and (c) Rabi. Dashed lines refer to the L-band data set with full-
track set. 
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L- and P-band TomoSAR data were also compared to lidar 
waveform data. All data have been acquired during the 
AfriSAR campaign in 2016.  
The penetration through the canopy at L- and P-band has 
been assessed by investigating the visibility of the ground. 
This has been performed by characterizing the behavior of the 
ground-to-volume ratio as a function of terrain slope and off-
nadir angle as well as across the different polarization 
channels, and by evaluating the estimation accuracy of the 
underlying ground location.  
It has been seen that the variation with polarization of the 
ground-to-volume ratio at L-band is much lower than at P-
band due to the higher attenuation of the vegetation volume, 
yet providing a valuable polarimetric optimization space. The 
variation of the maximum ground-to-volume ratio as a 
function of the range terrain slopes appears to be dominated 
by changes of the ground scattering power. A still significant 
ground scattering component is present at L-band despite the 
much higher attenuation of the vegetation than at P-band. This 
is in agreement with results obtained in similar forest 
conditions [5].  
The performance in the estimation of the location of the 
ground using the Capon TomoSAR profiles with respect to the 
LVIS DTM has been evaluated. As expected, for a fixed 
number of looks, the ground estimation performance increases 
with increasing ground-to-volume ratio and with improving 
vertical TomoSAR resolution. Accordingly, P-band benefits 
from the higher ground-to-volume ratio levels while L-band 
needs a higher vertical resolution to reach a similar 
performance. The ground could be localized in the Capon 
profiles with a standard deviation of 2 to 5 m consistently 
across all three sites. A strong performance dependency on the 
terrain slope and the off-nadir angle has been demonstrated 
with negative slopes to be particularly critical due to the 
low(er) ground-to-volume ratio levels as well as the 
unfavorable geometry. It is worth remarking that an accurate 
estimate of the ground (sub-canopy) topography is also 
important to compensate for topographic variations that can 
bias the evaluation of forest structure parameters at a given 
(larger) scale. In this regard, better performing algorithms can 
be developed to estimate the ground height and relax the need 
of large(r) baselines.  
The ability and complementarity of TomoSAR L- and P-
band profiles and LVIS waveforms to distinguish among 
different tropical forest structure types has been addressed. 
The analysis of the TomoSAR RH100 indicated that L-band is 
definitely more sensitive than P-band to the top vegetation 
layer, although it does not reach the LVIS sensitivity. 
Furthermore, the performance to derive physical forest 
structure descriptors has been evaluated over a 1 ha scale. For 
this, vertical structure indices derived from the volume-only 3-
D radar reflectivity at L- and P-band and from the LVIS 
profiles have been compared against each other. Although a 
direct comparison across test sites was made difficult by the 
high diversity of forest structure, the results indicate that at L-
band the sensitivity to vertical structure is in general higher 
 
 
                            (a)                                                            (b)                                                            (c)                                                            (d) 
 
Fig. 17.  Peaks of the profiles in a transect across the 25 ha plot in Rabi for (a) LVIS and TomoSAR reflectivity profiles at (b) P-band, (c) L-band (reduced track 





                           (a)                                              (b)                                              (c)                                              (d)                                              (e) 
 
Fig. 18.  Maps of vertical structure at 100m  100m scale (top row) and related histograms (bottom row) at the test site in Rabi from (a) field data, (b) LVIS and 
TomoSAR reflectivity profiles at (c) P-band, (d) L-band (reduced track set), and (e) L-band with full-track set. 
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than at P-band. For the ForestGEO plot within the Rabi site, 
the vertical structure descriptor could also be derived from the 
ground inventory measurements and compared to the lidar- 
and radar-derived descriptors. The reduced penetration of 
LVIS reduces also the range of distinguishable vertical 
structures to the ones that exhibit profile variations mostly 
close to the top of the canopy. In contrast, the L-band 
TomoSAR profiles show the widest range of structure values. 
This is not only an effect of the increased penetration, but also 
a matter of sensitivity to significant structure elements. At P-
band the reconstructed structure range is narrower. Finally, at 
L-band an increased vertical resolution seems crucial for 
mapping the full range and distribution of structure indices 
obtained from the field data.  
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